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PREFACE

Consideration of proposals to reform Social Security must take into account the
uncertainty inany forecast of Social Security’ sfinances—especially over the 75-year
timeframeused by the program’ strustees. ThisCongressional Budget Office(CBO)
paper providesan overview of that uncertainty. It discusses how the Social Security
Administration (SSA) projectsthe program’ sfinancesandillustratestheir uncertainty.
Then, usingtime-seriesanalysis of historical dataand CBO’ snew Long-Term Actu-
arial Model, the paper provides quantitative estimates of the program’ s uncertainty.
Thoseestimatesincluderangesof probability for theeconomic and demographicvari-
ablesthat underlie SSA’ sprojectionsaswell asfor Social Security’ sfinancesover 75
years.

Noah Meyerson, John Sabelhaus, Michael Simpson, and Joel Smith of CBO’s
Long-Term Modeling Group (LTMG) wrote the paper. Along with Amy Rehder
Harris and Josh O’ Harra of LTMG, they also developed the Long-Term Actuarial
Model. Paul Burnham, Bob Dennis, Doug Hamilton, ArleneHolen, Steve Lieberman,
Deborah Lucas, and Ralph Smith of CBO reviewed the paper and provided helpful
comments, as did members of CBO’s Long-Term Modeling Advisory Group.

Many analystsin SSA’s Office of the Chief Actuary gave agreat deal of timeto
help CBO understand the agency’s projection techniques. This project would not
have been possible without their assistance.

Joseph Foote and Christian Spoor edited the paper, and Christine Bogusz proof -
read it. Kathryn Winstead produced the cover, Lenny Skutnik produced the printed
copies, and Annette Kalicki prepared the electronic versions for CBO’'s Web site
(www.cbo.gov).
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SUMMARY

Currently, the government collects morein revenuesfrom Social Security taxesthan
it paysin Social Security benefits. But projections by the Social Security Adminis-
tration (SSA) imply that benefitswill outpace revenueswithin afew decadesand that
the gap between thetwo will widen each year after that. Those projections, however,
depend on assumptions about demographic and economic trends, which serve as
inputsto modelsof Social Security. Becausetheinput assumptionsareuncertain, the
projections of Socia Security’s finances are also uncertain.

A question of interest to both policymakers and modelersis, Just how uncertain
arethose projections? Inthisanalysis, the Congressiona Budget Office (CBO) uses
itsnew Long-Term Actuarial Model to construct probability distributions—bands of
uncertainty—around SSA’ s point estimates for the next 75 years. Theanaysisindi-
catesthat although the gap between Social Security’ sannual spending and revenues
is projected to grow steadily through 2075, that growth is overshadowed by an
increase in the uncertainty of the projections. Asaresult, the only outcomein 2075
that can be predicted with confidence is that a gap between spending and revenues
will exist; whether the gap will be small or immense is impossible to say with any
certainty.

CBO'’s anaysis aso suggests that there is a 90 percent chance that the Social
Security trust fundswill remain solvent through 2029—nbut only a 10 percent chance
that they will still show apositive balance by 2054. SSA’smost optimistic scenario,
by contrast, showsthetrust fundsremaining solvent through 2075. However, CBO's
analysis suggests that the probability of that happening isjust 1 percent.

Although projections of demographic and economicinputswill alwaysbe uncer-
tain, Social Security’ srules could be changed in ways that would make the program
less sensitive to variation in economic and demographic trends. As the Congress
examinesvarious proposalsto alter Social Security, it needsto take into account not
only the expected effects of the proposal s but also how they would change the stabil -
ity of theprogram. Thisanalysisdoesnot examine specific proposals, but it provides
useful background by estimating the uncertainty that exists under current law.

HOW SSA PROJECTS SOCIAL SECURITY’S LONG-TERM FINANCES

In making its projections, SSA considers nine key inputs. Three are demographic:
thefertility rate, therate of mortality improvement (theannual changeinthemortality
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rate), and the level of immigration. The other inputs are economic and behavioral:
the growth of real (inflation-adjusted) wages, inflation, the unemployment rate, the
real interest rate on assets in the Social Security trust funds, and the rates at which
peoplejoin and leave therolls for federal Disability Insurance.

SSA projectsvaluesfor those nineinputsby examining historical dataand making
judgments about the relevance of past datato future trends. SSA usesits*best esti-
mates” for itsbaseline, or intermediate-cost, scenario. Theagency alsoillustratesthe
possible range of future outcomes by making high-cost (pessimistic) and low-cost
(optimistic) assumptions.

That scenario-based method of fersageneral senseof therange of possibilities, but
it has several limitations. First, the high- and low-cost estimates are not generated
with astatistical model or associated with any probabilistic interpretation; they are
simply intended, according to SSA, to be “illustrative.” Second, al three scenarios
unrealistically assume that each input will have the same value in every year (after
phase-in periods of fiveto 25 years), ignoring annual or cyclical changes. Finaly, in
the high- andlow-cost scenarios, all inputsvary inasingledirection—either all better
or al worse than in the intermediate scenario. 1t would be more realistic to assume
that some inputs will turn out better than expected and others will turn out worse.

CBO'SANALY SIS OF UNCERTAINTY

CBO’sLong-Term Actuarial Model (LTAM) allowsamore comprehensiveanalysis
of uncertainty than SSA’ s scenario-based approach does. Although LTAM does not
alwaysoperate at thesamelevel of detail asSSA’ smodel, it waswrittento follow the
same methodology, and tests show that its estimates are consistent with those pro-
duced by SSA. Unlike SSA’smodel, however, LTAM consistsof asingle, integrated
computer program. Therefore, LTAM can be run repeatedly under a range of
assumptions about future events to obtain afull distribution of possible outcomes.

Projecting Uncertainty About |nputs

To make quantitative estimates of the uncertainty of Social Security’ sfinances, ana-
lystsneed to estimate the uncertainty of themajor input assumptions. Inthisanalysis,
CBO beginswith SSA’ s expected valuesfor those inputs over 75 years and projects
uncertainty bands around them (without proposing alternative expected values).

Standard stati stical techni ques—time-seriesmodeling—allow economiststo quan-
tify future uncertainty on the basis of historical data. Once analysts have chosen
appropriate equations to describe the inputs, annual changesin the value of an input
can be expressed as a combination of several factors: random shocks, a systematic
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relationship to theinput’ sown past values, and, in some cases, asystematic relation-
ship to other inputs. (Inflation, unemployment, and the real interest rate on Social
Security assets are clearly related in the historical data, so CBO modeled thosethree
inputs together.) Although there is no single way to apply time-series techniques
correctly, in most cases the appropriate equation isreadily apparent. The estimated
equations can then be used to generate probability distributions (the width of the
uncertainty bands) for future values.

The estimates of uncertainty presented in this paper should be considered lower
bounds. Besidesthe nine main inputs, assumptions about other factors contribute to
theuncertainty of Social Security projections. Thoseother factorsincludelabor force
participation and retirement patternsaswell asfamily structure (and thusthelevel of
Socia Security benefits received by the children and spouses of workers). Those
assumptions, however, are not considered in thisanalysis.

Projecting Uncertainty About Long-Term Finances

Once CBO computed probability distributions for the inputs, it used Monte Carlo
simulation (al so called stochasti c simulation) to produce probability distributionsfor
various measuresof Socia Security’ sfinances. IntheMonte Carlo simulation, annual
valuesfor each input were chosen randomly from the estimated distributionsand fed
into LTAM. For thisanaysis, CBO created 1,000 different sets of input projections.
The 1,000 simulated paths were examined to draw inferences about the probability
distributions of future outcomes.

Analysts commonly use two sets of statistics to assess the long-term financial
prospects for Social Security. The first set focuses on the relationship between the
program’s costs and income in any given year. The second set summarizes the
expected adequacy of trust fund balances over a specific period. (For example, the
75-year summary actuarial balance that is often reported basically indicates how far
the system isfrom having apositive balancein thetrust fundsat the end of 75 years.)

Projections for both types of statistics are sobering. In SSA’sintermediate pro-
jections, Social Security’ scostswill beginto exceed itsdedicated income (excluding
interest on trust fund assets) around 2015, and that gap (measured as a percentage of
taxable payroll) will grow to 6.2 percent by 2075. For the summary statistics, SSA
predicts that the trust funds will run out of money around 2037 and that the 75-year
actuarial deficit is-1.89 percent of taxable payroll.! That latter number implies that

1. Thisanalysisisbased on Socia Security Administration, The2000 Annual Report of the Board of Trustees
of the Federal Old-Age and Survivors Insurance and Disability Insurance Trust Funds (March 30, 2000).
The 2001 version of that report projectsa75-year actuarial deficit of -1.86 percent and an insolvency date
of 2038 but makes no changes to the long-term input assumptions.
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SUMMARY TABLE1. ESTIMATED UNCERTAINTY ABOUT TRUST FUND OUTCOMES

CBO's Estimates®

SSA’'s Expected
Expected Value Value
(Using (Using 90 Percent
deterministic stochastic Standard Range of
model)® model) Deviation Uncertainty

75-Year Summary Measures

Actuarial Balance -1.89 -2.18 1.16 -4.17t0-0.34
Cost Rate 15.40 15.67 1.29 13.62t0 17.86
Income Rate 13.51 13.49 0.16 13.24t0 13.79

Annual Measures for 2030

Actuarial Balance -4.26 -4.78 2.54 -9.49t0 -1.00
Cost Rate 17.35 17.85 2.65 13.90 to 22.86
Income Rate 13.08 13.07 0.11 12.91to 13.27

Annual Measuresfor 2075

Actuarial Balance -6.18 -8.20 5.26 -18.38t0 -0.97
Cost Rate 19.53 21.62 5.55 14.02 to 32.43
Income Rate 13.34 13.42 0.28 13.04 to 13.98

SOURCES: Socia Security Administration; Congressional Budget Office.

NOTES: Theincomerateisthe percentageof taxablewagespaidintothe Social Security system. Thecost rateisthepercentage
of taxablewagespaidto beneficiaries. Theactuarial balanceisthedifferencebetweentheincomerateandthecost rate.

The75-year summary measuresincorporateinterest on assetsinthe Social Security trust funds, whichisexcluded from
the annual measures.

a Based on 1,000 Monte Carlo simulations using CBO'’s Long-Term Actuarial Model.

b. Based on SSA’s intermediate assumptions.

achieving solvency through 2075 will requireanimmediatetax increaseequal to 1.89
percent of taxable payroll (say, from the current payroll tax rate of 12.4 percent to
14.29 percent), an equivalent cut in Social Security benefits, or some combination of
thetwo. (Under SSA’ shigh-cost assumptions, the 75-year summary actuarial deficit
is-5.00 percent; under itslow-cost assumptions, SSA projectsan actuarial surplusof
0.38 percent.)
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CBO'’s stochastic model provides a fuller picture of the uncertainty of those
statistics. Although relatively little uncertainty isapparent in the near term, the vari-
ation becomes huge by the end of the projection period. In the intermediate case,
yearly costsare expected to exceed income by 4.26 percent of taxable payroll in 2030
and by 6.18 percent in 2075. But that growth in the gap between annual costs and
income is dwarfed by the growth in uncertainty. In 2030, the 90 percent range of
uncertainty is-9.49 to -1.00 percent (meaning that there is a 90 percent chance that
the actual value will fall within that range), whereasin 2075, the range is more than
twice aswide: -18.38 t0 -0.97 percent (see Summary Table 1). After 75 years, the
crystal ball becomes quite cloudy. The most that can be said with any confidence
about 2075 isthat agap between costs and incomeisvirtually inevitable, although it
isanyone' s guess whether that gap will be small or very large.

Lessuncertainty surroundsthe 75-year summary actuarial balance; in 90 percent
of thesimulated cases, it fallsbetween -0.34 and -4.17 percent. Futureprogram costs
arethechief source of uncertainty about the actuarial balance. The 75-year summary
cost rate (Social Security benefits as apercentage of taxable payroll) hasa90 percent
probability of ranging between 13.62 and 17.86 percent. In contrast, the 75-year
income rate (Social Security revenues as a percentage of taxable payroll) hasarela-
tively narrow range of uncertainty: 13.24 to 13.79 percent. Because the program’s
payroll tax rates arefixed, the only variation in the income rate arises from the taxa-
tion of Social Security benefits, which provides a small portion of revenues.

A final measureistheratio of trust fund assetsto Social Security’ sannual spend-
ing. INnCBO’ sbase case, the probability distribution of that ratio widenssubstantially
over time, as shown in Summary Figure 1. That figure also illustrates the range of
uncertainty about the date of trust fund insolvency. CBO estimatesthat thereisa90
percent chancethat the trust fundswill be solvent at least through 2029 (in Summary
Figure 1, the year in which the 10th percentile path crosses the zero line). At the
other extreme, the trust funds have only a 10 percent chance of staying solvent
through 2054 (when the 90th percentile path crosses zero).

In SSA’ slow-cost scenario, thetrust fundsremain sol vent throughout the 75-year
proj ection period, suggesting that long-term solvency isaplausibleoutcome. CBO's
stochasticanalysis, in contrast, showsthat thetrust fundsfacea99 percent probability
of exhaustion before the end of the 75-year period.



xiv. UNCERTAINTY IN SOCIAL SECURITY’SLONG-TERM FINANCES December 2001

SUMMARY FIGURE 1. PROBABILITY DISTRIBUTION OF THE BALANCE OF THE
SOCIAL SECURITY TRUST FUNDS

Ratio of Balanceto Social Security Outlays

90th Per centile

e

50th Per centile

10th Percentile

2000 2010 2020 2030 2040 2050 2060 2070

SOURCE: Congressional Budget Office.

NOTE: Ineachyear, thereisal10 percent chancethat the balance will fall within each shaded band, a 10 percent chancethat it
will fall below the lowest band, and a 10 percent chance that it will fall above the highest band.




CHAPTER |
INTRODUCTION

In considering the actuarial aspects of operations in the longer
future, the unreliability of any specific estimates is of such degree
that only the general course of financial devel opment of the program
may be indicated.

—First report of the Board of Trustees of the Federal Old-Age
and Survivors Insurance Trust Fund, January 3, 1941

The Social Security Administration (SSA) projectsthat Social Security’ sOld-Ageand
SurvivorsInsurance and Disability Insurance Trust Fundswill be exhausted within a
few decades. After that, it predicts, a permanent imbalance will exist between the
benefits paid by Social Security and the revenues collected for the program.* That
projection is based on assumptions about long-term values for the demographic and
economic variables (mortality improvement, fertility, immigration, inflation, unem-
ployment, real wage growth, interest rates, and disability patterns) that affect Social
Security revenues and benefits. Because aprojection of the Social Security system’s
finances is based on assumptions, it is by nature uncertain.

TheCongressional Budget Office(CBO) isoneof several organizationsthat study
thefinancia uncertainty facing Socia Security. SSA publishes* high-cost” and“low-
cost” scenarios as part of its annual 75-year projections of the program’s finances,
other analysts have created Social Security modelsand used them to make stochastic
projections.? CBO hasdevel oped amodel—called theLong-Term Actuarial M odel—
that employs a unique combination of modeling detail and an easily managed
programming format. That combination allows usersto vary numerousinputsto the
model and also assign probabilistic interpretationsto the range of possible outcomes
for thebalance of the Social Security trust funds. Themodel usesinferred uncertainty

1. Socia Security Administration, The 2000 Annual Report of the Board of Trustees of the Federal Old-Age
and Survivors Insurance and Disability Insurance Trust Funds (March 30, 2000).

2. See, for example, Ronald Lee and Shripad Tuljapurkar, “ Stochastic Forecasts for Social Security,” in
David Wise, ed., Frontiersin the Economics of Aging (Chicago: University of Chicago Press, 1998), pp.
393-420; and Craig Copeland, Jack VanDerhei, and Dallas L. Salisbury, Social Security Reform: Evalu-
ating Current Proposals, Issue Brief No. 210 (Washington, D.C.: Employee Benefit Research Institute,
June 1999). In astochastic model, every input variable is assigned arange of possible values; the model
isrun many times (each time drawing values for the inputs from their respective ranges) and yields a set
of results with varying probabilities. In a deterministic model, such asthe one used by SSA, each input
is assigned a single value for each year, and the model produces a single result.
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about each input assumption (based on historical data) to computetheimplied uncer-
tainty about Social Security’s future finances.

GOALS FOR STUDYING TRUST FUND UNCERTAINTY

Each year, SSA reports its long-term estimates of the actuarial status of the Social
Security program to the Congress. Those estimates alow policymakersto anticipate
imbalances or other structural difficulties with the program and to respond far in
advance. However, policy choicesshould takeinto account not only expected effects
but also how those choices might alter the stability of the Social Security system.

Why Consider Uncertainty?

Animportant measure of system financesiswhether Social Securityisin“closeactu-
arial balance”—meaning that the program’s revenues will be large enough to pay
expected benefits over a 75-year period. According to SSA’s baseline (or inter-
mediate) assumptions, that condition isnot currently being met.® Equally important,
however, is an understanding of the uncertainty of such projections.

In general, a system with more certainty is preferable because it allows plansto
be set in advance. Simply put, uncertainty carries acost. To make fully informed
decisions about Social Security, policymakers should know both the expected path
of variousindicators—such asthe date when the trust funds will be exhausted—and
the best available probability distribution of those indicators.

Consider a scenario in which the trust funds are projected to have a positive
balance for 50 years but also a 25 percent chance that the balance will turn negative
within two decades. Such a system would require more-urgent action than onein
which a positive balance was expected to last for just 45 years but there was only a
5 percent chance that the balance would turn negative within 20 years.

Uncertainty and System Structure

Uncertainty about thefinances of the Social Security system comesfromtwo factors:
uncertainty about inputs and the system’ s sensitivity to changesin thoseinputs. The
first factor isrelatively intractable; despite advancesin economic forecasting, accu-
rately predicting national macroeconomic and demographic trends over thelong run
isimpossible. However, the second factor—system sensitivity—can be changed.

3. Socia Security Administration, The 2000 Annual Report of the Board of Trustees, Section I1.F.
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Indexing the parameters of the Social Security system to uncertain inputs (so that
the system changes along with those inputs) can increase stability. For example, the
formulaused to compute initial benefitsisindexed to the nominal growth of wages,
andrecipients current benefitsareindexedtoinflation. That indexing greatly reduces
the system’ s sensitivity to changesin wage growth and inflation.*

The Social Security system is not indexed to demographic characteristics, how-
ever. Asaresult, an unexpectedly low rate of mortality or fertility will increase the
system’ s cost rate (the ratio of benefits to taxable wages). Many analysts have pro-
posed indexing Socia Security’ sretirement ageto mortality ratesasaway to reduce
benefit levels and the system’ s sensitivity to changes in mortaity.

Redistribution of Risk

Asanalystscontinually remind policymakers, thebalance of thetrust funds should not
be the only indicator of the condition of Social Security, nor should effects on the
trust funds be the only measure for evaluating a policy proposal. Any analysis of
proposals to change Social Security must consider the expected benefits, costs, and
risksborne by workers, beneficiaries, and other parts of the federal government. For
example, although investing trust fund assets in corporate stocks might increase
expected returns, it would al so increase the riskiness of the system.” In that case, the
cost of the increased risk, as valued by financia markets, would exactly equal the
expected increasein returns. Thus, the risk-adjusted value of the returns would not
change. Individual investment accounts might increasethat risk even more, depend-
ing on how they were structured, and could also redistribute risk among age and
income groups. Finaly, as with any program administered by the government, the
additional element of political risk (that lawmakerswill alter the program) isalways
present. Thispaper doesnot directly addresstherisk assumed by various parties, but
it should be read with that broader context in mind.

Policymakers could eliminate uncertainty about the actuarial balance of thetrust
fundsinanumber of smpleways. For instance, after thetrust fundswere exhausted,
the system could moveto apure pay-as-you-go approach—in which revenuesequaled
outlays each year—by annually cutting benefits, raising taxes, or transferring money
fromthe Treasury. But although those policieswould eliminate uncertai nty about the
actuarial balance, they would also crudely shift risk onto beneficiaries or workers.

4. The Social Security system remains somewhat sensitive to changesin wage growth and inflation because
of timing lags between when those changes occur and when they are reflected in recipients’ benefits.

5. See Amy Rehder Harris, Noah Meyerson, and Joel Smith, “Social Insecurity? The Effects of Equity
Investments on Social Security Finances,” National Tax Journal (September 2001).
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Such restructuring of the Social Security system cannot eliminate or even reduce
total financial risk. It can only shift that risk, as private insurance systems do. How
therisk is redistributed isimportant, however. The shift should be madein such a
way that negativeand positive uncertain outcomesare balanced (in other words, risks
should benegatively correlated). That result would be onemajor advantage of index-
ing the retirement age to mortality—the reduction in benefits would be correlated
with increases in life expectancy and corresponding increases in workers' earning

capacity.

HOW ASSUMPTIONS ABOUT INPUTS
DETERMINE SOCIAL SECURITY’S PROJECTED FINANCES

Projecting Social Security’ s finances decades into the future requires two things. a
model that shows how key economic and demographic variablesinteract with policy
rulesto determinefinancial flows, and assumptionsabout the annual valuesfor those
variables. Thestructure of themodel determineshow changesin assumptionsaffect
the system’s finances and thus how uncertainty about those assumptions resultsin
uncertainty about the financial status of Social Security.

The Overall Structure of CBO’s Model

CBO’'s Long-Term Actuarial Model (LTAM) relies on assumptions about nine
primary inputs. Eight of them—rates of fertility, mortality, immigration, unemploy-
ment, incidence and termination of claimsfor Disability Insurance (DI), real wage
growth, andinflation—affect intermedi ate demographi c and economic variablesthat
determine the accumulation of money in the Social Security trust funds (see Fig-
ure1). Theninth primary input—theinterest rate on Social Security assets—affects
thetrust fundsdirectly. Thefinal output of themodel istheannual changeinthetrust
fund balance, based on a simple accounting formula:

Trust fund balance thisyear = trust fund balance last year +
interest earned on trust fund assets +
Social Security payroll taxes and other revenues —
benefits paid and other outlays

The higher the interest rate, the faster the trust funds grow (assuming a positive
balance).

Socia Security revenues and outlays equal numbers of people (workersor bene-
ficiaries) multiplied by dollar amounts (average Social Security taxespaid or average
benefits). Numbers of people, in turn, are based on population totals, and dollar
amounts are based on earnings. Those relationships are explained below.



CHAPTERI|

INTRODUCTION 5

FIGURE 1. HOW INPUTS AFFECT THE BALANCE OF THE SOCIAL SECURITY TRUST
FUNDSIN CBO’'SLONG-TERM ACTUARIAL MODEL
Fertility, Unemployment Disability Real Interest Rate
Mortality, and Rate Incidence and Wage on Socia
Immigration Termination Growth Security Assets
Rates
Population by Average
Age and Sex Earnings
Number of Number of Average Socia | | Average Social
Workers Social Security Security Taxes| |[Security Benefits

Beneficiaries

Social Security Revenues

Changein Trust
Fund Balance

Paid

Social Security Outlays

SOURCE: Congressiona Budget Office.
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Projecting Population by Age, Sex, and Marital Status

The equation for projecting total U.S. population is:

Current-year population = population last year +
current-year births —
current-year deaths +
current-year immigration

The details of the calculations are complex. LTAM begins with a huge matrix that
includes counts of people by age, sex, and marital status. Once the modeler has
selected future annual values for the mortality and fertility rates and the level of im-
migration, the model appliesthe mortality rate to the current population to compute
the number of deaths by age and sex; it also applies the fertility rate to the female
population to determine the number of births by age of the mother. Those figures,
alongwith theassumed net number of immigrants, areadded to | ast year’ spopul ation
to obtain the new popul ation figure (with anew age and sex distribution). After that,
themodel distributes the new population among four marital-status groups—single,
married, divorced, and widowed—according to ageand sex. That processisrepeated
for each year’s projection.

Number of Workers. The model appliesthreefactorsto thetotal working-age popu-
lation (inthisanalysis, peopleages 15 to 74) to obtain aprojection of thetotal number
of workers covered by Social Security:

1) Total working-age population x labor force participation rate = labor force

workers

2) Labor force x employment rate

covered workers

3) Workers x covered-worker rate

Labor Force Participation Rate. Over the past 50 years, thelabor force participation
rate—the fraction of the working-age population that is employed or looking for
employment—haschanged significantly.® Theproportion of womeninthelabor force
hasincreased steadily and substantially, though the participation rate for women age
65 or older has stayed the same. The rate for older men is substantially lower now
than in 1950, but it has remained level since about 1985.

Although those facts inform projections, many questions remain. For instance,
how much further will thelabor forceparticipationratefor womenincrease? Will the

6. Howard Fullerton Jr., “Labor Force Participation: 75 Y ears of Change, 1950-98 and 1998-2025,” Monthly
Labor Review (December 1999).



CHAPTERI| INTRODUCTION 7

long-term trend toward earlier retirement for men continue, or will therate observed
over the past 15 years endure? For the most part, SSA’s projections assume that
participation ratesfor various demographic groupswill remain at current levels. The
1999 Technical Panel of the Social Security Advisory Board suggested that SSA
assumeadditional increasesinwomen’ sparticipationintheworkforceand investigate
further theeffect that changesin pension systems(including Social Security) will have
on retirement patterns.” Participation in the labor force is an important source of
uncertainty. Still, itisnotincluded asoneof thenineinput variablesin CBO’ smodel,
and LTAM doesnoat, at thisstage of itsdevelopment, permit variations of that factor.
(Including labor force participation in the quantitative anal ysisin this paper would be
ideal, but it is not possible at thistime.)

Currently, LTAM follows SSA’ smethodol ogy of estimating separatelabor force
participation ratesfor 103 age/sex/marital-statusgroups. Thoserates depend on eco-
nomic factorssuch aspast rates of participationin Social Security, benefit levels, and
unemployment ratesaswel | ason social factorssuch asdisability rates, military enroll-
ment, and number of children.

Employment Rate. Theemployment rateisequal to 1 minusthe unemployment rate.
The unemployment rateisone of the nine major input variablesin CBO’ smodel and
is described in more detail in Chapter I1.

Covered-Worker Rate. The covered-worker rateisthe percentage of employeeswho
work in employment covered by Social Security. Although that rate will increase
dightly as older government workers—who are less likely to be covered—retire, it
is projected to remain relatively stable over the next 75 years.

Number of Beneficiaries. The Social Security program has about two dozen catego-
riesof beneficiaries, including retired workers, disabled workers, widows and widow-
ers, and children. Some of the larger categories are broken down by age and sex, but
themajor division isbetween retired workers, their dependents, and the survivors of
deceased workers(whoreceive Old-Ageand Survivorsinsurance, or OASI, benefits)
and disabled workers and their dependents (who receive DI benefits).

Thenumber of OA S| beneficiariesisarel atively stable percentage of each ageand
sex group. Asaresult, projecting growthinthe number of thosebeneficiariesisfairly
easy for agiven age- and sex-specific population. Although changesin labor force
participation, earnings patterns, and retirement rates affect the number of OASI bene-
ficiaries, the percentage of the elderly in the population hasamuch greater impact on
Socia Security’s finances.

7. 1999 Technical Panel on Assumptions and Methods, Report to the Social Security Advisory Board
(November 1999).
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Thenumber of DI beneficiariesismuchlesscertain. SSA projectsdisability rates
by age and sex. Because those ratesincrease substantially with age, the gross (over-
all) disability ratewill risein thefuture even without changesin age- and sex-specific
disability rates. However, the overall rate depends mainly on the projected rates of
disability incidence and termination (described in Chapter I1).

Projecting Per Capita Revenue and Benefit Levels

Levels of Social Security revenues and benefits per person depend primarily on the
growth of wages. That growth in turn can be separated into two sources: real wage
growth (which is effectively determined by productivity growth) and inflation.

Average Revenuel evels. By definition, theamount of Social Security payroll taxes
paid per capitacan be determined by multiplying the average effective taxable payroll
by the statutory tax rate. Under current law, the tax rate is constant; thus, the only
uncertainty about average revenue levels comes from the taxable payroll.

CBO’smodel beginswith averagetaxableearningsinthe past year, thenincreases
that number by projected nominal wage growth—the sum of inflation and real wage
growth (the first two exogenously projected economic variables).

Growth in the average payroll tax paid by aworker tracks average wage growth
very closely, but not exactly. Workers pay Social Security taxes only on amounts
bel ow the statutory maximum set for taxabl e earnings—$80,400in 2001. That maxi-
mum isindexed to overall wage growth. If the wage distribution changes, the share
of earnings below that level also changes. Currently, about 84 percent of covered
wages are taxable; that figure is expected to decline, however, by about 0.1 percent
per year inthenear term. LTAM doesnot permit usersto vary that assumption. Still,
any uncertainty about the effect of distributional changes on the growth of taxable
payroll is probably small compared with uncertainty about overall wage growth.

Average Benefits. An average benefit level must be projected for each of Social
Security’ s many beneficiary categories. To analyze the effect of changing the com-
plex benefitformula, CBO, like SSA, employsamicrosimulation that projectsaverage
benefits for newly retired and newly disabled workers. (Microsimulation involves
producing exact cal culations of benefitsfor asimulated sample of the popul ation and
aggregating theresultsfrom thesample. That typeof simulationisnecessary because
the effects of policy changes on different workers vary widely depending on factors
such asthoseworkers wagelevelsand yearsof employment.) LTAM takesasample
of thousands of newly entitled beneficiaries from SSA’s Continuous Work History
Sample, which includes each worker’ s entire wage history. Using those wage histo-
ries, the model cal culates abenefit for each worker and then computes averages for
newly retired and newly disabled workers.
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Becausebeneficiarieswhoretirein 2010 or 2050 will havedifferent earnings pat-
ternsfrom today’ s retirees, the model adjusts the data to account for changing labor
force participation patterns. Other changes that might occur between now and then
arenot simulated.® Theinput variablesin LTAM that affect benefit levels are wage
growth, unemployment, inflation, and, to alesser extent, disability rates.

WHAT TYPES OF UNCERTAINTY ARE NOT BEING CAPTURED?

This paper quantifiesthe uncertainty in actuaria projectionsthat results from uncer-
tainty intheninemajor input assumptions. However, other sourcesof uncertainty not
includedinthisanalysiswill also affect Socia Security’ sfinances. Thus, themeasures
of uncertainty described in Chapter V should be considered lower bounds.

Every model is, by necessity, asimplification of eventsthat arelikely to occur in
the real world. That simplification is particularly true of macroeconomic models,
which employ afew variables to represent an entire national economy. Modelsfor
Socia Security aresimpler becauseexplicit rulescan beemployed to model aspecific
person’s experience. Still, LTAM isonly an actuarial model, which generally sub-
stitutes averages for actual person-by-person calculations. (CBO isworking on a
comprehensivemicrosimulation model that will generateindividual-level calculations
for benefitsand other information.) For themodel to function, assumptionsabout the
actuarial processes must be made.

For some factors, CBO assumes that current ratios will remain constant. For
example, like SSA, it assumesthat the current rel ationship between averageauxiliary
benefits (those based on another person’ swork history) and average worker benefits
(those based on one's own work history) will stay the same. (Each type of auxiliary
benefit istracked separately.) That assumptionisonly an approximation. Totheex-
tent that the relationship changes over the next 75 years—and it will—LTAM’s
projections will bein error. However, CBO expects that error to be small, for two
reasons. First, auxiliary benefits represent a minority (about one-quarter) of total
Socia Security benefits. Second, the ratios used to project auxiliary benefits are
bounded between zero and one and are unlikely to be near those bounds. Thus, the
magnitude of possible errorsis limited.

Other required factors that are held constant in CBO’s model include the labor
force participation rate, the fraction of workers eligible for benefits, and the rate of
retirement. Inaddition, because Social Security’ sbenefit formulasareprogressive (an
extradollar of earningsincreases alow-income person’ s benefit more than it would

8. LTAM usesdataonthe cohort that claimed benefitsin 1997. Those dataare adjusted for changesin 1998
through 2075.
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increase a high-income person’ s benefit), shiftsin the distribution of incomewould
change average benefit levels and, to a lesser extent, the effective payroll tax base.
LTAM assumes, however, that the distribution of wages and benefitswill stay rela-
tively constant. That assumption should be suitablefor CBO’ spurposesbecause any
variationislikely tobesmall, and the Social Security system should not beparticularly
sensitive to the variation that will arise.



CHAPTER I
SOCIAL SECURITY'SINTERMEDIATE PROJECTIONS

In developing itsLong-Term Actuarial Model, the Congressional Budget Office has
followed the practices of the Social Security Administration’s Office of the Chief
Actuary, with certain adaptations. Thisanalysis of the uncertainty of LTAM’spro-
jections looks at the same key 75-year assumptions for demographic and economic
variables that SSA focuses on in its annua analysis of the solvency of the Social
Security trust funds. The demographic variables are

* Fertility rate,

» Rate of mortality improvement, and

e Immigration level.
The economic variables are

* Rea wage growth,

* Inflation,

e Unemployment rate,

* Interest rate,

» Disability incidence rate, and

» Disability termination rate.
Each year, the Social Security Board of Trustees makes 75-year projectionsfor those
ninevariables. Understanding the challengesit facesin choosing expected valuesfor

thoseinputsover the projection period isafirst step in understanding the uncertainty
inherent in each of the input assumptions.

DEMOGRAPHIC INPUTS AND POPULATION PROJECTIONS

Because Social Security isbasically structured asapay-as-you-go system, itsfinancial
statusis primarily determined by the ratio of beneficiariesto workers, whichinturn
dependsontheratio of elderly to working-age peopl e (known asthe aged dependency
ratio).
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FIGURE2. INTERMEDIATE PROJECTIONS FOR THE OVERALL RATE OF FERTILITY
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SOURCE: Socia Security Administration, Office of the Chief Actuary.

Although parametersof the Social Security program vary automatically with changes
in wage growth and inflation, no such adjustments occur when the size or structure
of the population changes. Thus, estimates of fertility and mortality (and, to alesser
extent, immigration) are very important in projecting the program’ s future finances.

Fertility

Thefertility rate in aspecific year is the number of children that would be bornto a
woman over her lifetime at the average birth rates for women of different ages
observedinthat year. Currently, thefertility rateisabout 2.06 (seeFigure2). SSA’s
intermediate assumption is that the rate will fall steadily, but only slightly, over the
next 25 yearsto 1.95, after which it will stay at that level. Since 1972, fertility rates
have remained roughly constant, on average, although they have been much lower
than the very high rates of the baby-boom era (1946 to 1964).

The projection of a1.95 fertility rate assumesthat changing social standards and
the availability of oral contraceptives make it very unlikely that fertility rates will
return to the levels of more than 3.0 seen during the baby boom. Actuaries at SSA
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FIGURE3. INTERMEDIATEPROJECTIONSFORTHE OVERALL RATE OF MORTALITY
IMPROVEMENT
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SOURCE: Socia Security Administration, Office of the Chief Actuary.

NOTE: For thisfigure, mortality improvements have been aggregated across age and sex groups, resulting in ameasure of the
change in what demographers refer to asthe “central” death rate.

are making a reasonable inference when they suggest that there are no grounds to
expect big changesin fertility behavior in the next 75 years.

Nevertheless, the fact that little basis existsfor projecting fertility, coupled with
the fact that fertility is achief source of financial instability in Social Security, isa
reason to directly consider the uncertainty that surroundsfertility. Asshowninlater
chapters, however, the degree of uncertainty about future fertility depends to some
extent on how the historical tealeaves are read.

Mortality Improvement

Mortality projections start with a matrix of current mortality rates, by age and sex.
(The mortality rate isthe portion of people of agiven ageand sex who diein agiven
year.) Historically, mortality ratesfall when living conditions and medical careim-
prove; inthe absence of amajor new disease or significant social disruption, they are
expected to continue declining. The change in mortality—the rate of mortality
improvement—varies significantly from year to year (see Figure 3). However, itis
negative in most years, indicating a general decline in mortality rates.



14 UNCERTAINTY IN SOCIAL SECURITY'SLONG-TERM FINANCES December 2001

Thedifficulty inmaking anintermediate projectionfor mortality improvement lies
indetermining overall trendsin historical variability and anticipating whether therate
of mortality improvement will change in the future. SSA projects age- and sex-
specificimprovement rates (for 21 age groups for each sex). SSA’smodel assumes
that thoserateswill rise steadily for the next 25 years and remain constant thereafter.
In contrast, it expectsthe overall rate of improvement, which is adjusted by age and
sex, todip slightly and then gradually return to roughly the current level by 2075 (see
Figure 3).

SSA’ sprojected overal rate of mortality improvement isapproximately equal to
theaverage of recent annual rates. Examining datasince 1940 showshugeshort-term
variation as well as longer-term changes in mortality rates, with relatively large
declines from 1940 to the mid-1950s that were repeated in the 1970s, and a stable
rate of decline during the 1960s. From 1960 to 1968, the overall mortality rate
decreased by an average of 0.2 percent ayear. Over the next 14 years, however, the
averagedropwas 1.9 percent. Since 1983, themortality rate hasfallen by an average
of 0.8 percent ayear.

Immigration

SSA'’ sintermediate assumptionfor thelevel of immigrationis900,000 peopleineach
of the projection years. Atfirst glance, theclear trend of growth inimmigration over
the past 50 years makes that flat level appear unlikely (see Figure 4). Moreover, it
may seem natural to think that immigration will increase with the total population.
However, unlikefertility and mortality rates, the number of immigrantsto the United
Statesis governed partly by law, and Social Security’ s baselineis calculated on the
basis of current law.

ECONOMIC INPUTS

The six economic inputs that go into financial projectionsfor Social Security can be
classified in three categories: variables that affect how much workers earn and re-
ceivein benefits (wagegrowth, inflation, and unemployment); variablesthat affect the
growth of the trust funds over time (the interest rate on Social Security assets); and
variables that affect the ratio of beneficiaries to workers (disability incidence and
termination rates).
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FIGURE4. INTERMEDIATE PROJECTIONS FOR THE LEVEL OF IMMIGRATION
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SOURCE: Socia Security Administration, Office of the Chief Actuary.

NOTE: Recent historical datafor the level of immigration are unavailable.

Real Wage Growth

Thenominal rate of wage growth used to computetaxablewagesand determinebene-
fits in Socia Security projections is the sum of the inflation rate and real wage
growth. Although real wage growth depends mainly on productivity growth, factors
such asthe average number of hoursworked and thelevel of nonwage compensation
also matter. SSA analyzes and projects each component of wage growth separately.

Real wagegrowth variessignificantly both fromyear to year and over longer time
periods (see Figure 5). Most of that variability is attributable to changesin produc-
tivity growth. (Other factors, such as average hours worked and theratio of taxable
wages to total compensation, are more stable.) Because productivity growth is one
of the great unexplained variablesin economics, real wages are hard to project with
precision.

Themost difficult part of forecasting real wage growthisguessingwhether future
growth will be consistent with that of the previous few years, the past few decades,
or theentire postwar period—all of which arevery different. Thepast few yearshave
been characterized by aboom in real wage growth and productivity, with sustained
rates of increase not seen sincethe early 1960s. But isthat recent boom an indication
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FIGURES. INTERMEDIATEPROJECTIONSFORTHERATE OF REAL WAGE GROWTH
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SOURCES: Department of Commerce, Bureau of Economic Analysis; Social Security Administration, Office of the Chief
Actuary.

that the United States is returning to an era of strong growth or simply an aberration
from the lower level of average growth that appears to have been in place from the
early 1970s through the mid-1990s?

SSA hastaken afairly conservative view of recent productivity gains. Thus, its
intermediate projection of average real wage growth over the next 75 years—about
1.0 percent per year—is consistent with the ideathat the United Stateswill return to
the lower rates of growth seen since the 1970s.

The assumption about real wage growthiscrucial because, intheshort term, high
real wage growth causes Social Security revenues to rise but has little impact on
benefits. Thus, itimprovesthe program’ sfinancial balance. Long-term financesare
not quite as sensitive to changesin therate of real wage growth becauseinitia Social
Security benefitsareindexed to such growth. Nevertheless, higher wagegrowth pro-
motes|ong-term solvency becauseit causesanimmediaterisein payroll tax revenues
but a delayed increase in benefits, since only new benefits are indexed to wages.
(After aSocial Security recipient beginscollecting benefits, those paymentsriseeach
year with prices.)
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FIGUREG6. INTERMEDIATE PROJECTIONSFOR THE INFLATION RATE
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NOTE: Inthisfigure, inflation is measured as the change in the consumer price index for wage earners (CPI-W).

Inflation

Prices, asmeasured by the consumer priceindex for wage earners(CPI-W), increased
at an average rate of 4.4 percent ayear during the four decades between 1959 and
1998, but by only 3.2 percent a year during the decade from 1989 to 1998. In pro-
jecting that inflation will rise to only 3.3 percent by 2005 and remain at that level
thereafter, SSA may be giving too much weight to recent experience (see Figure 6).
However, the inflation booms of the 1940s and 1970s were clearly linked to events
—suchasWorld War 11 and the OPEC oil embargo—that areunlikely torecur, which
makes SSA’ s assumption seem more reasonable.

Assumptions about inflation have an important impact on Social Security’s
finances, but not in the way that most people would think. Socia Security benefits
areindexed by law to inflation in the previous year, but wages areindexed implicitly
to current inflation (because nomina wage growthincludesinflation). Thus, arisein
inflation increases revenues immediately but raises benefits only in the future. Al-
though highinflationisgenerally considered harmful—especially for theelderly, who
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FIGURE7. INTERMEDIATE PROJECTIONS FOR THE UNEMPLOYMENT RATE
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SOURCES: Department of Labor, Bureau of Labor Statistics; Social Security Administration, Office of the Chief Actuary.

oftenreceive pensionsthat are not indexed to prices—inflation actually improvesthe
actuarial status of Social Security.

Unemployment

The unemployment rateis the percentage of the labor force that is not employed but
isactively looking for work. Aswith any volatilemacroeconomicvariable, projecting
unemployment inthe short runisvery difficult, although along-run tendency around
fairly stable averages seems to exist (see Figure 7). The positive experience of the
past few years has been atypical, and it would be optimistic to assume that un-
employment will remainat suchahistorically low level. Still, recent history prompted
SSA toreduceitslong-term projection of unemployment from 6.0 percent inits1998
report to 5.5 percent inits 1999 report. Currently, SSA assumes that the unemploy-
ment rate will rise smoothly from 4.1 percent in 2000 to 5.5 percent in 2009 and
remain at that level thereafter.
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FIGURES. INTERMEDIATE PROJECTIONS FOR THE REAL INTEREST RATE
ON ASSETSIN THE SOCIAL SECURITY TRUST FUNDS
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Interest Rate

SSA listsasone of itskey inputsthe nominal interest rate on assetsheld inthe Social
Security trust funds. Under standard economic theory, nominal interest rates are the
sum of inflation and the real interest rate—the return investors would receive if
inflation werezero. Becauseinflationisaseparateinput, it isappropriateto describe
returns on trust fund assets in terms of the real interest rate and to sum the two as-
sumptions to compute nominal returns on those assets.

SSA projects areal interest rate for the trust funds of 3.0 percent per year over
the next 75 years (see Figure 8). Although that rate is significantly higher than the
historical average (about 2.4 percent since 1926), it is much lower than the average
over the past few decades (4.2 percent since 1980 and 3.4 percent since 1990).
SSA’ s assumption is consistent with two offsetting observations: first, real interest
rates were negative during the 1970s because the high inflation of that period
surprised investors, and second, nominal interest rates take time to reflect new
information about inflation. Thespikeinreal interest ratesduring theearly 1980swas
associated with the extremely tight monetary policy of that time (which was put in
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FIGURES. INTERMEDIATE PROJECTIONS FOR THE RATE OF DISABILITY
INCIDENCE
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NOTE: Recent historical datafor the rate of disability incidence are unavailable.

placetoreinininflation, which had galloped out of control). Thus, unlessinflationary
shocks and tight monetary policy recur, there is no reason to suspect that the real
interest ratewill divergefromthat experienced during morenormal times—about 3.0
percent.

Disahility Incidence and Termination

SSA projects separate rates for the onset and ending of disability. The onset (or
incidence) rateisthe percentage of nondisabled workers covered by Disability Insur-
ance who become disabled in agivenyear. Thetermination rateisthe percentage of
disabled workerswho leavethe DI rollsinagivenyear—becausethey either recover,
die, or begin receiving retired-worker benefits instead (which occurs automatically
when they reach Socia Security’s normal retirement age).

To project the prevalence of disability, SSA starts by projecting future trendsin
morbidity (the incidence of disease). Like mortality rates, morbidity rates are ex-
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FIGURE 10. INTERMEDIATE PROJECTIONS FOR THE RATE OF DISABILITY
TERMINATION
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NOTE: Recent historical datafor the rate of disability termination are unavailable.

pected to continueto fall.* Still, projecting disability statusis more complicated than
that becauseit involves not only morbidity but, perhaps moreimportant, government
policy (whichvariesevenintheabsenceof |egislation), changesinthelabor market’s
demand for certain skills, and socia definitions of disability.

Thus, although ratesof morbidity areimproving, rates of disability incidencehave
not changed steadily over time (see Figure 9). The overall rate of incidence has de-
clined in the past several years;, however, SSA expects it to rise over the next few
decades and then level out.

Rates of disability termination are also affected by underlying changesin demo-
graphics, because death rates play a part in determining how many people leave the
disability rolls each year. The termination rate has fallen in the past few years, but
that changewasinfluenced by policy and social normsaswell asby underlying demo-
graphics (see Figure 10). SSA expectsthat the termination rate will risein the short
term and thereafter be influenced mainly by demographics.

1. See for example, E. Crimmins, Y. Saito, and D. Ingegneri, “Trends in Disability-Free Life Expectancy
in the United States, 1970-1990,” Population and Development Review, vol. 23 (1997), pp. 555-572.
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PROJECTING SOCIAL SECURITY’S FINANCES
USING THE LONG-TERM ACTUARIAL MODEL

A number of questionsariseabout the choi ce of input assumptionsused to project the
Social Security system’ sfinances. Indeed, much of thefocusof every year’ strustees
report ison how the valuesfor the inputs are determined. Asnoted above, historical
data can be interpreted in many ways, and inferences about future values that are
based on those datacan aso vary. Inthisanaysis, CBO doesnot question the under-
lying choices of intermediate assumptions made by the trustees. Rather, it employs
amode of trust fund accumulation to measure how uncertainty about those inputs
leads to uncertainty about Social Security’s finances.

CBO’snew analytical tool, LTAM, is capable of generating estimates that basi-
caly match SSA’s projections for a particular set of inputs. In other words, given
valuesfor fertility, mortality improvement, immigration, real wagegrowth, inflation,
unemployment, thereal interest rate, disability incidence, and disability termination,
LTAM can generate projections of the trust fund balance that generally match those
produced by SSA.

Moreover, the LTAM approach allows uncertainty to be studied in away that is
not possiblewith SSA’smodels. At SSA, the various piecesthat go into atrust fund
proj ection—ypopulation by demographic group, average wages, benefits, and other
variables—arestudied separatel y using anal ytical toolsdevel oped with different soft-
ware and sometimes different computer systems. Results from each step are com-
bined only at the end when trust fund cal culationsaremade. Incontrast, LTAM pulls
all sectorstogether in one compiled model, which can be solved repeatedly (and very
quickly) using any combination of input assumptions. That featuremakespossiblethe
uncertainty analysis described in the rest of this paper.

The cost of pulling projection techniques together into one model is a certain
amount of simplificationrelativeto SSA’ sprojection techniques—LTAM lackssome
of the detail of SSA’s models. Still, it can simulate how the Socia Security system
will respond to changes both in assumptionsand in most policy parameters. For key
cal cul ations—computing the number of deathsusing agiven mortality rate, or solving
for average worker benefits using the microsimulation approach—LTAM attempts
to follow the same modeling strategy used by SSA. The criterion for successful
model development at CBO was ensuring that the answers for the baseline values
were about the same as those produced by SSA’smodels. Given inputs and outputs
from SSA, the model developed at CBO does a good job of mimicking those
answers.

2. Totheextent that minor differences remain, CBO uses*calibration” factorsin various parts of the model
to produce exact matches of SSA’s baseline projections.
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Some elements of the LTAM projections, however, do not reproduce SSA’s
methods. Rather, they use SSA outputs as inputs to the model. For example, the
ratio of auxiliary benefitsto worker benefitsis held fixed at ratios computed directly
from Socia Security output files. That practiceis necessarily limited to parts of the
model that would not vary (or would have anegligible change) with new policies or
new inputs, because LTAM is primarily designed to capture changes in the Social
Security system’s finances that occur with changes in input assumptions or policy
parameters.

Conclusions about whether an approximating model such as LTAM can show
how system finances will change when inputs change—a prerequisite for the type of
uncertainty analysis conducted here—should be based on evidence, not assertions.
Such abasisispossible becauseresultsfrom LTAM can be compared withtheresults
that SSA publishesinits“high-" and*low-cost” scenario analysis, whichisdiscussed
in the next chapter.






CHAPTER 11
EVALUATING UNCERTAINTY
USING HIGH-COST AND LOW-COST SCENARIOS

Projections for the variables that underlie estimates of Social Security’s long-term
financesalmost alwaysinvolvesomeerror, either positiveor negative. Indeed, before
the uncertainty of those finances can be measured, the width of the error bands (the
plus-or-minus range) for each input assumption must be established. Moreover,
analysts need to investigate the amount by which the system’ sfinances change if the
valuesfor inputsmovewithinthoseranges. The Socia Security Administrationillus-
trates the uncertainty of the system’s long-term solvency by using “high-cost” and
“low-cost” assumptionsabout theinputsinitsmodelsin addition to itsintermediate,
or baseline, assumptions (see Table 1). The aternative assumptions can beincorpo-
rated into amodel separately (to gauge how sensitive Socia Security’ s finances are
to movementsin individual assumptions) or together (to assessthe overall financial
effectsif every assumption moved to high- or low-cost values).

SSA’ s approach to measuring uncertainty evolves naturally from its method for
generating theintermediate projection. To producethat projection, SSA useshistori-
cal dataabout each input to make a best guess of the input’ slong-term value, gener-
aly alowing for a short transition between the current-year figure and the ultimate
value. Although SSA uses the same approach to generate the high- and low-cost
scenarios, itsproj ectionsof aternative ultimateva uesaregenerally more pessimistic
(or optimistic) than historical experience would suggest. Still, those high- and low-
cost valuesareintended to bewithin therange of plausible outcomeshbased onthehis-
torical evidence.

SSA’ s approach has been criticized on a number of grounds—particularly, that
it offersonly two alternative scenarios and makes no predi ctions about the likelihood
of those scenarios. Thus, itisimpossibleto make any sort of probabilistic interpreta-
tion of SSA’ sestimatesof thesystem’ slong-termfinances. Devel oping probabilistic
measures requires a different approach to analyzing the historical data about inputs
—SSA’ shigh- and low-cost scenariosaresimply insufficient for thejob. For example,
they cannot be used to go beyond thetraditional estimatethat the Social Security trust
fundswill beexhausted by acertain dateto consider the probability that thefundswill
be exhausted at other pointsin time.

SSA’S RANGES OF VALUES FOR INPUT ASSUMPTIONS

SSA'’s high-to-low range for input assumptions builds directly on how the agency
proj ectsintermediate assumptions (see Chapter I1). The same historical dataused to
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TABLE1l. THESOCIAL SECURITY ADMINISTRATION’S RANGES OF ULTIMATE
VALUES FOR NINE PRIMARY INPUTS

Long-Term Annua Value for I nput
Under Different Assumptions About Cost

Intermediate Low High
Input Cost Cost Cost
Fertility Rate
(Number of children per woman) 1.95 2.20 1.70
Rate of Mortality Improvement
(Percentage reduction in the
mortality rate) 0.7 0.2 12
Immigration Level (Thousands of people) 900 1,210 655
Rate of Real Wage Growth (Percent) 1.0 15 0.5
Inflation Rate?
(Percentage change in the consumer
price index) 33 2.3 4.3
Unemployment Rate (Percent) 55 45 6.5
Real Interest Rate on Socia Security
Assets (Percent) 3.0 37 2.2
Disability Incidence Rate” (Percent) 0.5 0.4 0.6
Disability Termination Rate® (Percent) 3.8 4.6 31

SOURCES: Socia Security Administration; Congressional Budget Office.

a SSA’slow-cost scenario assumes arelatively strong economy, including alow rate of inflation, even though higher inflation
improvesthe actuarial status of Socia Security (by increasing revenuesimmediately but raising benefits only in the future).
Conversely, SSA’s high-cost scenario assumes a worse economy and a higher rate of inflation.

b. SSA’sactuaries set separate rates of change for disability incidence for men and women relative to abase period of 1980 to
1984. Theratesreported here (which are adjusted for age and sex) are from CBO’sLong-Term Actuarial Model (LTAM),
are relative to 2000, and generate disability incidences that match those from SSA.

C. SSA’sactuariesset separateratesof changefor disability termination by recovery and by death relativeto abase period of 1977
t01980; withinthe category of termination by death, they set separateratesfor men and women. Theratesreported here (which
are adjusted for age and sex) arefrom LTAM, arerelativeto 2000, and generate disability terminationsthat match thosefrom
SSA.
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generate expected valuesfor inputs can be used to generate more optimistic or pessi-
mistic—but still plausible—values. Thehigh- andlow-cost estimates are not associ-
ated with any probabilistic interpretation by SSA; rather, they are intended to be, as
thetrustees' report says, “illustrative” of how Socia Security’ sfinanceswould change
if inputs moved around within the plausible range.

Themost common meansfor determining thoserangesistoreview actual historical
rangesfor each variable (shownin Figures 2 through 10in Chapter 1), evenwhenthe
exact relationship between historical and future variability requires some interpre-
tation. Thefertility rateisoneexample. SSA estimatesthat thefertility rate over the
75-year projection period will be 1.95, with a range of plus or minus 0.25 for the
high- and low-cost estimates. That range may seem narrow compared with fertility
rates over the past century, whose range was much larger than 1.70 to 2.20. But it
isplausible given thefact that thefertility rate has stayed within afairly narrow band
for the past 35 years or so. The assumption that the fertility rate will remain within
that narrow range implies that the Social Security trustees think a structural shift in
fertility behavior occurred around 1965 andisunlikely to bereversed. Thus, two dif-
ferent readings of historical datagive two very different answers about whether the
range is too narrow or about right. (That same problem—whether historical data
should be used to measure variability without considering structural change—also
occurs when estimating probability-based uncertainty bands for the inputs.)

Structural breaks in a data series are harder to discern for some inputs, largely
because of thedifficultly indistinguishinglong-term trendsfrom annual changes. For
example, therate of mortality improvement adjusted for ageand sex hasclearly fluc-
tuated significantly from year to year since 1940 (see Figure 3 on page 13). Overall,
the average change has been toward longer life spans, atrend that SSA expectswill
continue at arate of about 0.5 percent per year. That rate of improvement is slower
than the overall average for the past century, however, because (between annual
fluctuations) thedataindicateaslowdown intherate of mortality improvementinthe
past few decades. To someextent, SSA’ shigh-cost valuefor mortality improvement
is consistent with areturn to the rapid declines of the early 20th century, whereasits
low-cost value implies a continued slowdown in the rate of improvement. Most of
the other inputs have characteristics similar to mortality improvement: trends exist
but are difficult to separate (at least visually) from annual fluctuations.

Intheend, it isimpossibleto evaluate whether the high- and low-cost error bands
arereasonablein aprobabilistic sensewithout using statistical modelsto interpret the
historical data. Using such modelswould addresstwo issuesthat the Social Security
Advisory Board has raised about how input assumptions vary in the high- and low-
cost simulations. Both issues boil down to the criticism that SSA varies inputsin
ways that are not consistent with historical data.
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First, as in the case of intermediate projections, SSA considers only long-term
(ultimate) high- and low-cost values for each input. Those values are generally as-
sumed to bein force within afew years, after a short transition period during which
a variable changes smoothly from its most recent historical value to the assumed
ultimate value. SSA acknowledgesthat any entire sequence of annual valueswould
be much more volatile; the expectation is only that, on average, an input will stay
within the high-to-low-cost error band. None of the three scenarios include any of
that volatility, however.

That point is important because, for some inputs, the sequence of values may
matter asmuch asthelong-run average. Consider fertility: ababy boom followed by
ababy bust might generate the samelong-run averagefertility rate asaflat sequence,
but it would produce a very different type of population and have very different
effects on the Social Security system.

Second, SSA provides only three scenarios. In each one, every input isaways at
itsintermediate-, high-, or low-cost value. (Technically, SSA assumesthat thecorre-
lations between the inputs are fixed at 1.) Theinputs should be varied, however, to
reflect actual correlationsin historical data. Only through those correlations can ana-
lysts answer such questions as, Is high mortality usually associated with low fertility
(as scenarios suggest), or istheir correlation in the opposite direction, or isthere no
correlation at all? Historical data can answer those questions only at an annual
frequency. It isnot clear that historical correlations are useful if amodel is solved
using ultimate values.

HOW VARYING THE INPUT ASSUMPTIONS
AFFECTS SOCIAL SECURITY’S PROJECTED FINANCES

Using SSA’s scenarios to measure uncertainty about the finances of the Social
Security system raises an essential question: when input assumptions are systemati-
cally varied between high- and low-cost values, what happens to estimates of those
finances? The effect of changing any given input (sensitivity analysis) depends on
how much the input is changed and on how much impact occurs per unit of change.
Theoverall effect of changing every assumption (scenario analysis) isthe sum of the
individual effects plus any interaction effects, which may be either reinforcing or
offsetting. Although using the scenario approach to measure uncertainty has short-
comings, going through the exercise is instructive because it points out some of the
building blocks that can be used to devel op better estimates of uncertainty (such as
Monte Carlo simulation, which is discussed in the next chapter).
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SSA's Sensitivity Analysis

Sensitivity analysis indicates the extent to which Socia Security’s finances are
affected per unit of deviation in agiveninput. For example, when the fertility rate
increases, sensitivity analysis shows how much the trust fund balance or some other
financial measure changes per unit of increase. However, sensitivity analysisisnot
meant to measure uncertainty in the system’ sfinancesin any real sense—itisonly a
tool for constructing overall measures of uncertainty.

Performing a sensitivity analysis (or the scenario analysis described below or a
Monte Carlo stochastic analysis) requiresan obj ective measure of financial outcomes.
Themost widely used measure of the solvency of the Social Security trust fundsisthe
75-year actuarial balance. That balance currently stands at -1.89 percent of taxable
payroll, which means that the present value of expected costs (mostly benefits that
will be paid) exceeds the present value of expected income (mostly Social Security
payroll taxesthat will be collected) by 1.89 percent of the present value of expected
taxable payroll.! The 75-year actuarial balance is a useful measure because inter-
preting it for policy purposesis straightforward: payroll tax rates would need to be
raised (or benefits cut) immediately and permanently by 1.89 percent of taxable
payroll to put the Socia Security system into financial balance for the next 75 years.

Aspart of thetrustees’ annual report, SSA produces sensitivity estimatesfor eight
of the ninekey inputs (all but unemployment). Those estimates measure the effects
onthe 75-year actuarial balance of using high- or low-cost assumptionsfor the eight
inputs. For example, if the fertility rateis at itslow-cost value (2.20) rather than its
intermediate value, the 75-year actuarial balanceimprovesby 0.27 percentage points
—from -1.89 to -1.62 percent of taxable payroll (see Table 2). Similarly, if thefer-
tility rateis at its high-cost value (1.70), the estimated actuarial balance worsens by
0.30 percentage points—from -1.89 to -2.19 percent of taxable payroll.

Theestimated sensitivity of Social Security’ sfinancesoffersaninitial look at how
much of the uncertainty in the system can be attributed to each of the key input
assumptions. Varying thereductionin overall mortality rates between the high- and
low-cost values has the greatest effect on the 75-year actuarial balance, with thereal
interest rate, real wage growth, disability incidence, fertility, inflation, immigration,
and disability termination following in that order. However, because SSA does not
attach probabilities to the high- and low-cost values for any input, the estimated
sensitivities of theinputsmay not be comparable. (That problemisresolved withthe
Monte Carlo analysis discussed in the rest of this paper.)

1. Theanalysisin this paper is based on Social Security Administration, The 2000 Annual Report of the
Board of Trustees of the Federal Old-Age and Survivors Insurance and Disability Insurance Trust Funds
(March 30, 2000). The 2001 version of that report projects a 75-year actuarial balance of -1.86, but it
makes no changes to the long-term input assumptions.
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TABLE 2. SENSITIVITY OF SOCIAL SECURITY'S75-YEAR ACTUARIAL BALANCE
TO CHANGESIN ULTIMATE INPUT VALUES

Estimated Changein 75-Y ear Actuarial Balance?
(As a percentage of taxable payroll)
SSA’s SSA’s CBO's CBO's
Model Using Model Using Model Using Model Using
Low-Cost  High-Cost Low-Cost  High-Cost

Value Value Value Value

Input
Fertility 0.27 -0.30 0.31 -0.31
Mortality improvement 0.69 -0.79 0.63 -0.74
Immigration 0.14 -0.12 0.18 -0.15
Real wage growth 0.51 -0.50 0.57 -0.55
Inflation® -0.23 0.22 -0.28 0.23
Real interest rate 0.49 -0.58 0.49 -0.57
Disability incidence 0.30 -0.30 0.33 -0.33
Disability termination 0.06 -0.06 0.08 -0.08
Tota (Sum of individual changes) 2.23 -2.43 231 -2.50
Effect of Changing All Inputs Together 2.27 -3.11 1.96 -3.21

SOURCES: Socia Security Administration; Congressional Budget Office.
a. The 75-year actuarial balancein SSA’s intermediate projection published in 2000 is -1.89 percent of taxable payroll.
b.  SSA’slow-cost scenario assumesarelatively strong economy, including alow rateof inflation, eventhough higher inflation

improvestheactuarial statusof Social Security (by increasing revenuesimmediately but raising benefitsonly inthefuture).
Conversely, SSA’s high-cost scenario assumes a worse economy and a higher rate of inflation.

Although conclusionsarelimited by thelack of exact probabilisticinterpretations,
sengitivity analysiscan convey someinformation about the rel ationshi p between inputs
and the system’ soverall finances. If aninput isvaried within the plausiblerange and
the actuarial balance remains near -1.89 percent, one can argue that the Social Secu-
rity system is robust with respect to that input. If, however, the range of outcomes
around -1.89 percent ismuch larger—either because the plausiblerangefor inputsis
wide or because the system responds dramatically to small changesin inputs—it is
worth investigating why the system is so sensitive.

For example, onereason mortality has such agreat effect on the 75-year actuarial
balanceisthat Socia Security hasno rulesto offset changesin mortality. Retirement
ages are effectively fixed by law, so changes in mortality trandate directly into
changes in how long recipients collect benefits. If the retirement age were tied to
mortality, financeswould be much less sensitive to such changes. Thesystemisless
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sensitive to changes in other inputs—for example, the effect of real wage growthis
muted because higher growth rates|ead to both higher payrol | tax revenuesand higher
benefits. Inthat case, theimpact onthe system’ sfinancesispositive becausethe gov-
ernment begins receiving the higher taxes before it starts paying the higher benefits.

CBO's Sensitivity Analysis

Sensitivity analysisis also useful in gauging whether the Congressional Budget Of -
fice’sLong-Term Actuarial Model properly simulateshow changesininput assump-
tionsaffect Socia Security’ sfinances. Themodel can be solved using techniquesthat
mimic those devel oped by SSA—with input assumptions set to equal the high- and
low-cost values—and thus can generate an aternative estimate of theimpact of vary-
ing each assumption. Theresultsof that exerciseindicate that CBO hasachieved its
goal of having LTAM beableto capturethe effect on system financesof varying each
input in away that mimics SSA’s model. Sensitivity results from LTAM are very
close to those from SSA (see Table 2).?

Because LTAM has the same sensitivity as SSA’s model with respect to input
assumptions, CBO hasnot limiteditsanal ysisof sensitivity to the measures published
inthetrustees annual report. That report’s present-value 75-year actuarial balance
isnotideal asanindicator of financial solvency—the currently projected path for the
Social Security system callsfor risingtrust fund balancesthat will berapidly depleted
as the baby-boom generation collects benefits. Moreover, analysts expect that the
system will be left in poor financial health even after the baby boomers have died
because collected taxes will continueto fall well short of benefits. Indeed, although
theintermediate projection showsthe present val ue of the cost-to-incomegap at 1.89
percent of taxable payroll, the annual level of that gap is expected to be 4.26 percent
of payroll in 2030 and 6.18 percent by 2075.

ThesameLTAM simulationsused to estimatethe present-val ueactuarial balance
under high- and low-cost valuesfor each input assumption al so generate annual bal-
ances. Striking differencesinthe underlying sources of uncertainty appear when the
focusturnsto annual levelsin2075. Theultimatefertility rate—which haslittleeffect
through 2030 and moderate present-val ue effects (asshownin Table 2)—becomesthe
most important source of uncertainty by 2075 (see Table 3). Specifically, when the
fertility rateisvaried betweenits(relatively close) high- and low-cost valueswith all
of the other variables held constant, the estimated gap between Socia Security costs

2. Some of the differences may result from subtle distinctions in how the simulations are carried out. For
example, CBO choosesto recompute average Social Security benefitsfor the sample population each time
analternative simulationisrun; SSA may only be capturing thefirst-order effects. Also, CBO hastomake
some assumptions about fixed interactions between variables. For example, inflation is expected to affect
the ultimate real interest rate as well as the ultimate nominal interest rate.
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TABLE3. SENSITIVITY OF SOCIAL SECURITY'SANNUAL ACTUARIAL BALANCES
TO CHANGES IN ULTIMATE INPUT VALUES

Estimated Change in Annual Actuarial Balance
(As a percentage of taxable payroll)

In 2030% In 2075°
CBO's CBO's CBO's CBO's
Model Using Model Using Model Using Model Using
Low-Cost  High-Cost Low-Cost  High-Cost

Value Value Value Value

Input
Fertility 0.11 -0.10 2.01 -2.44
Mortality improvement 0.60 -0.65 181 -2.16
Immigration 0.40 -0.33 0.35 -0.32
Real wage growth 1.07 -1.16 1.83 -2.22
Inflation® -0.61 0.55 -2.34 1.45
Disahility incidence 0.46 -0.47 0.64 -0.68
Disability termination 0.06 -0.05 0.31 -0.35
Total (Sum of individua changes) 2.09 -2.21 4.61 -6.72
Effect of Changing All Inputs Together 1.98 -2.30 4.50 -7.87

SOURCE: Congressional Budget Office.

NOTE: Thered interest rateontrust fund assetsis excluded because changesin that rate do not affect Social Security’sannual
costs and income.

a  Theactuarial balance in 2030 in SSA’s intermediate projection published in 2000 is -4.26 percent of taxable payroll.
b.  Theactuarial balance in 2075 in SSA’s intermediate projection published in 2000 is -6.18 percent of taxable payroll.
C. SSA’slow-cost scenario assumesarelatively strong economy, including alow rate of inflation, even though higher inflation

improvesthe actuarial statusof Social Security (by increasing revenuesimmediately but raising benefitsonly inthefuture).
Conversely, SSA’s high-cost scenario assumes a worse economy and a higher rate of inflation.

andincomein 2075 risesand fallsby morethan 2 percent of taxable payroll—or over
one-third of the intermediate value of 6.18 percent. Other variables, by contrast,
introduce only modest additional uncertainty asthe analysisisextended year by year.
For example, the impact of real wage growth does not compound dramatically be-
cause (asnoted above) higher real wage growthincreasesboth revenuesand benefits.

Scenario Analysis

Scenario analysisisafirst stepin determining uncertainty in estimatesof thesystem’s
finances. If, for instance, the expected funding shortfall for the 75-year horizon is



CHAPTER |11 EVALUATING UNCERTAINTY USING HIGH- AND LOW-COST SCENARIOS 33

1.89 percent of taxable payroll, anaystsstill want to gauge the chancesthat the actual
shortfall will bewell above or below that estimate. Assigning probabilities requires
a particular type of model (see Chapters 1V and V). Instead, SSA uses a scenario
approach: after makingitsintermediate projection, SSA setsall of theinputsto their
high or low values and solves the model again. That approach is intended to show
how Social Security’ sfinanceswould beaffectedif all of thevaluesfor inputsmoved
inthe samedirection but remained plausible. Inthat approach, the high and low esti-
mates serve as boundaries.

Conclusionsabout theoverall variability of financial outcomesdependentirely on
the range selected for the input assumptions. SSA’s choice of afairly narrow range
isconsi stent with the structure of the high- and low-cost scenarios, inwhich all of the
inputs are set to the most pessimistic or optimistic values to generate a range for
financial outcomes. A narrow range of assumptionsmakes sense becauseitisdifficult
to imaginethat all of the variables would move in one direction or another—rather,
positive and negative changes among inputs would be likely to offset one another.

The high- and low-cost scenarios, which are a standard part of the trustees
report, constitute SSA’ sonly published assessment of the uncertainty of Social Secu-
rity’ sfuturefinances. If all of the inputs moved to their low-cost values, the 75-year
actuarial balancewould rise by 2.27 percent of taxable payroll, and Social Security’s
funding gap would more than disappear (see Table 2). Conversely, if al inputs
equaled their high-cost values, the actuarial balance would worsen by 3.11 percent of
taxable payroll, more than doubling the funding gap. Resultsfrom LTAM show the
same basic pattern.

Comparing outcomesfrom the scenario approach with the sum of theresultsfrom
individual sensitivity analysesisuseful. Under SSA’ scalculations, theoverall effect
of moving to low-cost valuesis 2.27 percent of taxable payroll, whereas the sum of
individual effectsis2.23 percent. Thoseresultssuggest that changingall of theinputs
simultaneously producesreinforcing effects (though very modest ones). Onthehigh-
cost side, thesum of individual effectsismuch smaller thantheresultsof the scenario
analysis, which suggestsgreater reinforcing effectsfrom changing all inputstogether.

Likesensitivity analysis, the scenario approach can al so be used to eval uate uncer-
tainty in projectionsfor specificyears. SSA expectsthe actuarial balancein 2030to
be-4.26 percent of taxable payroll. CBO’ slow-cost estimate shrinksthat gap by 1.98
percentage points, whereasthe high-cost estimatewidensit by 2.30 percentage points
(see Table 3). For 2075, the underlying gap is-6.18 percent of payroll, and the low-
cost estimate is4.50 percentage points higher, whereasthe high-cost estimateis 7.87
percentage pointslower. Notethat the same asymmetry of effectsthat appearsin the
75-year present-val ue estimates—with thehigh-cost differential beinglarger thanthe
low-cost differential—occurs in the estimates for 2030 and 2075.
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CONCERNS ABOUT THE SCENARIO-BASED APPROACH

SSA’ s scenario approach provides only limited information about the uncertainty of
theagency’ s Social Security projections. Asaresult, the 1999 Technical Panel of the
Socia Security Advisory Board stated, “ Itisour view that the Social Security Admin-
istration must devel op different techniquesfor measuring uncertainty—not merely to
refine predictions but to allow policy makersto consider reformsto Social Security
that would lessen its sensitivity to adverse economic and demographic trends.”?

The panel further noted that “no probabilities are associated with the forecast
ranges, so the user has only avague sensethat theforecaster believesit likely that the
outcomeswill fall withintherange.” Moreover, evenif thehighand low input values
had some probabilities assigned to them, policymakers would have only part of the
story, the panel argued. “For example, thelikelihood that fertility will fall withinthe
high-low range in some given year may be much less than the likelihood that the
summary actuarial balance will fall within the high-low range.”* Clearly, it is not
possible to generate probability distributions for Social Security’s finances without
probability distributions for the inputs.

Probability distributions for inputs, however, do not automatically lead to dis-
tributions for outputs because all inputs must be varied to reflect actual historical
correlations. Theideal approach would be to assign a probability to every possible
combination of paths for input assumptions, solve for the system’s finances under
each set of paths, and then use the probabilities associated with each set of inputsto
createaprobability distribution for theoutputs. Althoughitisimpossibletechnically
to assign probabilities to every set of outcomes, it isfeasible to create an arbitrarily
large sample of input combinations, solving each timefor system finances, and then
evaluate how financesvary within that sasmple and draw conclusionsabout the proba-
bility distribution of the outcomes. That technique—called stochastic smulation—is
the approach recommended by the Social Security Advisory Board. CBO hasimple-
mented that approach usingitsLong-Term Actuarial Model, asdescribed in Chapters
IVandV.

3. 1999 Technical Panel on Assumptions and Methods, Report to the Social Security Advisory Board
(November 1999), p. 32.

4. 1bid., p. 70.



CHAPTER IV
MEASURING UNCERTAINTY ABOUT INPUT ASSUMPTIONS

Giventheavailable historical datafor each of theinputsthat goesinto projections of
the Socia Security trust funds, actuaries at the Social Security Administration do
what sophisticated statisticians do when asked to forecast values for the next 75
years. they assume that future values will follow a pattern consistent with the past.
To gauge how sensitive trust fund projections are to the assumed ultimate value for
each input, the actuaries use high- and low-cost scenarios, also based on historical
data.

That approach does not adequately reflect uncertainty about futuretrust fund bal-
ances, however, for threereasons. First, any averagelevel for aninput variable over
75yearsisconsistent with many possibleannual paths (having different fluctuations),
withvariationsin averagesover fiveor 10 years, and with differencesin that variable
between birth cohorts—all of which can cause variation in the pattern of trust fund
accumulations. Second, SSA’s actuarial methods do not provide relative measures
of thelevel of uncertainty of each input. Thus, some questions remain unanswered.
For instance, isthe projection of the unemployment rate or interest rate more uncer-
tain than the projection of fertility? Third, projections by scenario do not incorporate
any overall measures of probability for the input scenarios; without such measures,
it isimpossible to evaluate the likelihood of the results.

Devel oping better estimates of uncertainty about inputsis essential to developing
better estimates of uncertainty about Social Security’s finances. To truly measure
uncertainty about the future values of inputs—in particular, to estimate probability
distributionsfor annual values—it isappropriateto start (as SSA’ sactuariesdo) with
historical data. (Theobviouslimitation of such dataisthat futurevariation may differ
from historical variation. To the extent that it does, estimates of uncertainty may be
understated or overstated.)

The standard statistical tool for making inferences from historical datais time-
seriesanalysis. Such analysis starts by breaking down the historical changesin vari-
ablesinto three main components. annual random shocks that are either positive or
negative (but centered around zero), year-to-year correlations in annual values, and
random changesin the central tendency of theannual values. Because many variables
—such asinflation, unemployment, the real interest rate, real wage growth, and the
rate of mortality improvement—seem to have no random changein central tendency
over long periods, analysts frequently need to model only the first two sources of
change. Whether other variables—including thefertility rate, immigration, and dis-
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ability incidence or termination—show changesin central tendency depends on how
the historical tealeaves are read.

The decision about whether to incorporate random changesin central tendency is
important because it dramatically affects conclusions about the possible range (and
thusthe probability distribution) of futurevalues. In particular, if no random change
in central tendency occurs, outcomeswill vary within aprobability rangethat is con-
stant over time. For example, the range of possible outcomes for avariable such as
inflation in 2075 would probably be the same as the range of outcomes in 2010.
Allowing random changesin central tendency, by contrast, suggeststhat the range of
possible outcomeswill widen over time. For example, therange of outcomesfor fer-
tility in 2075 could be much wider than the range in 2010 because changesin central
tendency generally occur gradually. Inthe short run, thefertility rateislikely to vary
around afairly predictable central tendency; but in the long run, fundamental social
changes could affect average fertility.

PRODUCING A FORECAST WITH TIME-SERIES
AND MONTE CARLO TECHNIQUES

The time-series analysis employed in this paper uses historical data to project an
input’ s estimated variability (specificaly, its probability distribution) around SSA's
intermediate projectionfor that input. The Congressional Budget Officeisinterested
in estimating the uncertainty of SSA’s forecast, not in replacing the forecast itself.
For themajority of variables, the projectionsthat CBO generated through time-series
analysis are quite similar to those used by the Social Security trustees. Most differ-
ences arise because the trustees weight recent experience more heavily. In some
cases, the projections aso differ because the trustees have used expert judgment
about the relevance of past valuesto future trends.

Time-seriesanalysis uses historical datato project both the future values of vari-
ablesand the variability around those future values. Inthefirst step, the movements
in avariable (or group of variables) are broken down mathematically into the three
components described above, and the resulting estimated equation (or set of equa-
tions) isused to generate expected future valuessimply by solving it forward through
time.

Given an estimated equation, the second step involves empl oying computer simu-
lation to generate probability distributions for future outcomes. The procedure used
to produce those distributionsis called Monte Carlo simulation because it involves
making repeated random draws, in amathematically structured way, from thevalues
for annual shocks (much likewhat occursin acasino, where, for example, the proba
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bility of rolling a particular number on adieisonein six).! Those annual random
draws are plugged into the time-series equation, which then generates atime path of
outcomes for the variable in question. By repeating the simulation process many
times, analysts can draw inferences about the probability distribution of future
outcomes.

Mathematical Models for Projecting a Time Series

M easuring the uncertainty of input variables using time-series analysisis inherently
different from devel opingintermediateval uesor high- and | ow-cost scenariosbecause
thestatistical techniquesfor time-seriesanalysisaredesigned to infer morethan abest
guessfor the range of thelong-term average. At onelevel, the time-series approach
usesafairly simpleequationto explain how variableschangefrom year to year. How-
ever, because the string of annual changes adds to long-term changes, the technique
actually generatesboth short-term fluctuations and long-term trends simultaneously.

A casual ook at the graphs of the inputs being modeled (Figures 2 through 10in
Chapter I1) suggeststhat thereis more than one reason why avariable changes at any
point intime. One observation isthat most of the inputs being model ed—inflation,
unemployment, thereal interest rate, real wagegrowth, and mortality improvement—
have no trend change in central tendency over the long term. In that case, mathe-
matical modelsneed only incorporatethefirst two sourcesof change: annual random
shocks and correlations of annual values over time.

Analysts generally assume that the probability distribution of annual random
shocks can be approximated with the well-known “normal” pattern. In that standard
approach, thevalues of random shocks have an expected level, or mean—inthiscase
zero—with a symmetric bell-shaped distribution around that expected level. Thus,
analysts are much more likely to draw arandom shock that is close to the mean than
one that is distant.

If the projected outcomesfor avariable composed only of along-run average and
annual random shocks were graphed, all of the values would be centered around the
averagevaluefor thevariable because, by definition, theexpected val ue of therandom
shocksiszero. Inaddition, thegraphwould have severa features. approximately the
same number of high and low val ues; more values closeto the averagethan far away,
because the distribution of the shocksisnormal (bell shaped); and finally—acrucial

1. Acloselyrelated techniqueis*bootstrap” simulation, in which random draws are made fromthe collection
of actual shocksthat occurred in the past rather than from atheoretical distribution of shocksinferred from
historical data. Both techniques are used in this analysis.



38 UNCERTAINTY IN SOCIAL SECURITY’SLONG-TERM FINANCES December 2001

distinction—no pattern that connects the values over time. (Outcomesin each year
would be independent of the outcomesin the previous year.)?

That description of avariable that has only an average value and annual random
shocks does not appear to fit any of the inputs that go into projections of Social
Security’ sfinances. Rather, al of those inputs (even the oneswith apparently stable
long-run central tendencies) seem to move in one direction or another and then stay
there for long periods—implying high correlation between outcomes from year to
year—before moving back. For example, inflation was generally high in the 1940s,
fairly low through the early 1970s, generally high for the next decade or so, and then
generally low again (see Figure 6 on page 17). Clearly, variation occursfrom year to
year, but the outcomes also seem to be correlated over time.®

How much of aparticular changeis attributabl e to random shocks and how much
to correl ation between valuesover time? Time-seriesanaysisspecifiesasimpleequa
tion for avariable and allowsthe datato answer that question. Inthe simplest speci-
fications, the equation relates the current-period value of avariable to three things:
aconstant term (the central tendency), theval ue of the variabl e during the most recent
period (in order to capture the correlation over time), and an error term (the random
shock).* More-complicated versions of time-series equations involve adding more
lagged terms (not just for the most recent period but for two, three, or more previous
periods) or employing a“moving average” of error terms, in which random shocks
themselves affect outcomes for more than one period.®

How can auser tell if the correct equation was chosen to represent thetime series
being modeled? Theanswer isto go back to the premise underlying the equation. If

2. Thetime-series description of a series made up only of an average value and annua random shocks is
“white noise.”

3. Inflation is often described as a generalized autoregressive conditional heteroskedasticity (GARCH)
process. In that type of process, the variance of errors increases with the level of the variable.

4. Thesimplest specification for avariable x; is:
X =0t B Xy tg

where t denotes time, « and 3 are parameters to be estimated, and ¢, is the residual (unexplained error)
at timet. Asdescribed in the text, o represents the central tendency, and B captures the correlation of
values over time. This type of equation can be estimated with standard regression techniques. Note that
the derived residual (¢)—which represents implied random shocks—is used to estimate the variance for
the random-shock process that feeds into the Monte Carlo simulation described later in this chapter.

5. In the language of time-series econometrics, a process is described in terms of its “AR” and “MA”
properties, with “AR” denoting how many lagged terms are included in the equation and “MA” denoting
how long the moving average is for the error terms. The simplest equationisan “AR(1)," which has only
onelagged term and no moving average. Themost complicated processinthelist of Social Security inputs
isan “ARMA(4,1),” meaning there are four lagged terms and a single-period moving average of errors.
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the equation is appropriate, the residuals (error terms) derived from it will have the
propertiesassociated with aseriesof normally distributed random shocks—they will
be centered around zero, have the same number of high and low values, have more
realizationscloseto zero than far away, and show no correlation over time. Thus, the
time-seriesapproach invol ves specifying an equation, estimating the parameterswith
historical data, and testing whether the residuals are consistent with a series of ran-
dom shocks.®

In principle, whether an equation passesthat test determineswhether unexplained
changesincentral tendency exist for avariableover time. If anequationfor avariable
generates residual s that appear to be random shocks, then arguably, no unexplained
(random) changesin central tendency exist. All systematic movementinthevariable
has been captured by the equation, and there is nothing |eft to explain.”

Unfortunately, itissometimesdifficult totell whether the processesbeing model ed
show random changesin central tendency. Thetests used to decide whether derived
residualslook like random shocks are not definitive, especially when thetime series
is short. Thus, the process of deciding whether changes in central tendency have
occurred caninvolvejudgment. (Asdiscussed below, CBO choseto usemodelswith
and without random changesin central tendency when the evidence seemed unclear.)
If the possibility of a nonsystematic changing central tendency is admitted, the
simplest approach isto “first difference” the variablein question—that is, to use an
equation to describe the change in, rather than the level of, the variable.

Modeling changerather than level for avariablemay seemlikeatrivial difference,
but it has a profound effect on inferences about the bands of uncertainty around the
variable. When changeis modeled, any random shock permanently affectsthelevel
of thevariable—the shock doesnot disappear by itself after oneperiod, asintheusual
specification. Of course, arandom shock inthe other direction pushesthelevel of the
variable back in the other direction permanently. Thus, in first-differenced models,
thelevel of avariableat any point intimeistheresult of cumulative shocksup to that
point. Because shocks are all random, any cumulation in one direction pushes the
level toward anew central tendency. Thus, uncertainty bands grow over time.

Conclusions about how first-differenced equations differ from level equations
result to some extent from how inputs to the model are specified. For example, Fig-
ure 5 on page 16 suggests (and statistical tests confirm) that the growth rate of real
wages had no changein central tendency inthe past five decades. However, apicture
of the average level of real wages (which hasrisen steadily over time) shows aclear

6. Thetest for random shocks is based on the Durbin-Watson statistic. See the appendix for details.

7. A time-series econometrician would describe this as a“ stationary” series. The standard test for station-
arity is based on the augmented Dickey-Fuller statistic. See the appendix for details.
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change in central tendency.® The growth rate of real wagesis effectively a“differ-
enced” version of thelevel of real wages—if that level wastheinput being model ed,
tests would indicate changes in central tendency. The same relationship exists
between the rate of inflation and the price level or between the change in mortality
and the central death rate at a particular time.

Using Time-Series Equations to Generate Annual Probability Distributions

Once analysts have produced mathematical equationsfor an input, they can generate
probability distributionsfor actual annual outcomes. Thesimplest time-seriesmodels
imply that annual values depend only on a constant, on the previous period' s value
(multiplied by a coefficient), and on an annual random shock. Coefficientsare gen-
erated when the time-series model is estimated using historical data. The extent to
whichaninput variesaround the val ue predicted by the equation indicatesthe correct
sizefor annual random shocks. Thus, everythingisin placeto project future values
using computer simulation.

The two methods for using estimated equations to generate probability distri-
butions both involve solving repeatedly for annual outcomes using random draws of
annual shocks. Thefirst approachisMonte Carlo simulation, which assumesthat ran-
dom shocks are symmetric and follow some distribution—in this case, anormal, or
bell-shaped, pattern. Thus, for each year, the mathematical equation for the normal
distribution, together with computer-generated random numbers, can be used to pick
values for random shocks.

The second approach is “bootstrap” simulation, so-called because it involves
“pickingitsalf up by itsown bootstraps.” Theideaistouseactual residuasgenerated
during the estimation phase to perform the simulation. If 100 datapointsareusedin
the estimation, arandomly chosen shock can be selected each year of the ssmulation,
and the probability of drawing any given historical shock isonein 100. Thebootstrap
approachisauseful alternativeto Monte Carlo simulation becauseit doesnot require
assumptions about the shape of the probability distribution for random shocks.

With Monte Carlo and bootstrap simulations, projecting forward is simple once
all of the piecesarein place. Both simulations start with the last actual value, then
draw arandom valuefor theannual shock and add that shock to the coefficient multi-
plied by thelast actual value. For the next—second—yperiod, the processisrepeated,;
however, thistimethe coefficient ismultiplied by the outcomefor thefirst ssmulation
period. Thus, annual autocorrelationsare built into the projection equation. Thepro-

8. Inthelanguage of time-series econometrics, the level of real wagesis not stationary, but the growth rate
of real wagesis.
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cessisrepeated for each year of the ssimulation period (in this case, the 75-year pro-
jection period used by SSA).

Each Monte Carlo or bootstrap simulation yieldsapossible set of annual outcomes
for the variable in question. To move from that set of annual outcomes to a proba-
bility distribution for the outcomesinagiven year, the processmust berepeated many
times. The most likely annual outcomes (those near the central tendency) will be
realized in many more of the simulations than unlikely annual outcomes (those far
away from the central tendency) will be. That principle serves asthe basisfor infer-
ring probability distributions—if agiven outcome occursfive out of 100 timeswhen
the random sequence is generated, the probability of that outcomeis 5 percent. If
some other value occurs 10 times, it is assigned a probability of 10 percent.

PROBABILITY DISTRIBUTIONS
FOR DEMOGRAPHIC AND ECONOMIC INPUTS

Time-seriesanalysisisideal for assigning probability distributionsto futurevaluesfor
thenineinputsused in Social Security’ sfinancia calculations. Thetime-seriestech-
nique allows analysts to infer the likelihood of all possible outcomes solely on the
basis of the historical data. Using the technique involves testing various eguation
specificationsfor random changesin central tendency, plus one other structural con-
sideration—some variables are modeled in groups, rather than separately, because
there are correl ations between the outcomesthat are likely to continue in the future.

Inthisanalysis, theonly input that ismodel ed using the simpl est time-series spec-
ification is real wage growth: its model has only one equation and no correlations
with other variables (because productivity isnot inherently rel ated to any of the other
inputs). Mortality improvement would also besimpleif separate rateswere not being
modeled for 21 different age groups for each sex, and if correlations between the
separate age-specific error terms were not required. Unemployment, inflation, and
thereal interest rate are clearly related in the historical data. Thus, thosethreeinputs
are modeled in ajoint process in which the outcome for any one variable directly
affects the other two.

Immigration, disability incidence, and disability termination areall greatly affected
by changesin law or policy. Asaresult, it does not seem appropriateto say that their
evolution involves randomly changing central tendencies. With the time-series ap-
proach, however, that is one way in which the data can be interpreted.

In the case of fertility, past patterns suggest that outcomes are highly correlated
over time, implying that shocksaretemporary but last for several decades. However,
areasonable alternative interpretation is that fundamental (and permanent) changes
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in the central tendency for fertility have occurred before—at the end of the baby
boom, for instance—and thus may occur again.

For thisanalysis, CBO examined two measures of uncertainty around the expected
values for the nine inputs. The first measure is the 5th and 95th percentiles of the
valuesin each year. For example, CBO found that the rate of real wage growthin
2050 waslessthan -2.38 percent in 5 percent of the simulationsand greater than 4.34
percent in another 5 percent of the cases. That range represents the annual variation
for that year. The second measure of uncertainty isthe 5th and 95th percentilesof the
average value over a specific period. For example, CBO computed average wage
growth between 2000 and 2050 for each simulation and then looked at the distribu-
tion of those averages.

Asexpected, averagevaluesvary lessthan annua vauesdo. (For instance, though
areasonabl e chance existsthat the economy will bein adepressioninany givenyear,
very little chance existsfor afive-year depression and even less chance for a20-year
depression.) In the case of real wage growth, CBO found that average growth
between 2000 and 2050 waslessthan 0.13 percent in 5 percent of the simulationsand
greater than 1.90 percent in another 5 percent. That range is much narrower than the
-2.38 percent to 4.34 percent range for the annual variation in 2050.

Thegraphsthat appear in therest of thischapter illustrate uncertainty for thenine
input assumptions. Those graphsinclude five lines:

. The solid line in the center represents SSA’ s intermediate projection;

. The solid lines to either side of it show the 5th and 95th percentiles of
annual valuesfor the 1,000 paths generated by the M onte Carlo simulations
(suggesting that the outcomein any given year will fall between those bands
90 percent of the time); and

. The dotted lines show the 5th and 95th percentiles of the average values
(from 2000 through the year in question).

For most of the variables, the range between the 5th and 95th percentile val ues of
the 75-year averagesis very similar to the range between SSA’ s high- and |ow-cost
long-term values (see Table 4). Those ranges are not strictly comparable because
SSA'’ s long-term values begin as late as 2025, whereas CBO'’ s values cover al 75
yearsof the projection period. Still, that similarity isstriking considering that SSA’s
high- and low-cost values have no explicit statistical interpretation.
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TABLE 4. RANGES OF UNCERTAINTY FOR INPUTS

SSA’s Measures of

Expected Long-Term Variation
Input Vaue SSA? CBO°
Fertility Rate
(Number of children per woman) 1.95 0.25 0.36
Rate of Mortality Improvement
(Percentage reduction in the
mortality rate) 0.68 0.45 0.36
Immigration Level (Thousands of people) 900 278 249
Rate of Real Wage Growth (Percent) 1.00 0.50 0.73
Inflation Rate
(Percentage change in the consumer
price index) 3.30 1.00 1.36
Unemployment Rate (Percent) 5.50 1.00 0.70
Real Interest Rate on Socia Security
Assets (Percent) 3.00 0.75 0.48
Disability Incidence Rate (Percent) 0.50 0.07° 0.04
Disability Termination Rate (Percent) 383" 077" 0.42

SOURCES: Socia Security Administration; Congressional Budget Office.
a SSA’svariation is haf of the difference between the ultimate values for each input in the high- and low-cost scenarios.

b. CBO'svariation is half of the difference between the 5th and 95th percentile values for the 2000-2075 average for each
input, based on 1,000 Monte Carlo simulations using CBO'’s Long-Term Actuarial Model.

C. SSA’sactuaries set separate rates of change for disability incidence for men and women relative to abase period of 1980 to
1984. Theratesreported here (which are adjusted for age and sex) are from CBO’s Long-Term Actuarial Model (LTAM),
are relative to 2000, and generate disability incidences that match those from SSA.

d. SSA’sactuariesset separateratesof changefor disability termination by recovery and by death relativeto abase period of 1977
t01980; withinthe category of termination by death, they set separateratesfor men and women. Theratesreported here (which
areadjusted for ageand sex) arefrom LTAM, arerelativeto 2000, and generate disability terminations that match thosefrom
SSA.
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FIGURE 11. UNCERTAINTY BANDS FOR THE RATE OF REAL WAGE GROWTH
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SOURCES: Department of Commerce, Bureau of Economic Analysis; Social Security Administration, Office of the Chief
Actuary; Congressional Budget Office.

NOTE: Annual uncertainty bands show the 90 percent confidence rangefor agiven year. Average uncertainty bands show the
90 percent confidence range for the average of 2000 through a given year.

Real Wage Growth

SSA’ s intermediate assumption for the growth of real wagesis 1.0 percent per year
over the 75-year projection period. Thetime-seriestechnique suggeststhat consider-
able variation around that value can be expected (see Figure 11).°

The equation used to generate pathsfor real wage growth isthe most basic time-
series specification. Therate of real wage growth isregressed on a constant and its
own lagged value. Theresulting error terms passthetest for stable central tendency.
Thus, no need existsto explore other specifications. (Seethe appendix for estimates
of the coefficients and values for the various test statistics.)

The 90 percent uncertainty bands for the projection of annual real wage growth
cover arange of 4 percentage pointsin each direction. Therangefor average values

9. The uncertainty bands from bootstrap simulations are very similar. The next chapter presents the boot-
strap technique as an alternative to Monte Carlo simulation when solving the entire model, because using
actual errorsisadirect means for testing the assumption that residuals are distributed normally.
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FIGURE12. UNCERTAINTY BANDS FOR THE OVERALL RATE OF MORTALITY
IMPROVEMENT
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTE: Annual uncertainty bands show the 90 percent confidencerangefor agivenyear. Average uncertainty bands show the
90 percent confidence range for the average of 2000 through a given year.

narrows to only about 0.7 percentage pointsin each direction by 2075, which isthe
same order of magnitude as SSA’s high/low variation of 0.5 percentage points.

Mortality Improvement

SSA projectsrates of mortality improvement for both men and women in each of 21
separate age groups. Historical data suggest that the rates of improvement for each
sex are somewhat correlated between age groups but that differencesin central ten-
dency exist within age/sex groupsand should beaccounted for. Thus, CBO estimated
separatetime-seriesequationsfor mortality improvement inthe 21 age groups of each
sex, but the equationswere estimated such that correlationsin annual random shocks
could be accommodated (see the appendix for more details).*°

Likethe overall average of rates of mortality improvement, which can be aggre-
gated over age and sex to generate a graph of how mortality is expected to change,
uncertainty bands can also be aggregated and graphed (see Figure 12). The 90 per-

10. Thebasic concept isthat each variablein the system of equationsis unaffected by other variables but that
theerror termsare potentially correl ated between the equations. Correlations between errors are measured
after every equation in the system is estimated.
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cent range of annual outcomes around the expected rate of improvement (0.7 percent
per year) is quite large and is consistent with the significant historical variation. As
expected, the range of average valuesis much smaller.

Asnoted earlier, although rates of mortality improvement pass the test for non-
randomness in central tendency, the level of mortality (as represented by the central
death rate) can be thought of as a variable with random central tendency. In other
words, theinput assumption being model ed isaready thefirst-differenced version of
avariable with expanding uncertainty ranges. Thus, although the uncertainty bands
for therate of mortality improvement are constant over time, agraph of the bandsfor
central death rates would show increasing uncertainty.

Unemployment, Inflation, and the Real Interest Rate

To understand why unemployment, inflation, and the real interest rate are estimated
asasystem of equations rather than independently, consider the effects of not doing
so. Inamodel simulation, time-series equationsfor each variable would adequately
generate the historical variability and correlation between annua outcomes for that
variable. But the fact that outcomes among the three variables are correlated would
not be captured. Thus, that technique could, in principle, violate abasic condition of
model simulations and generate a combination of outcomes that would never have
occurred historically.

Asan example of such correlations, real interest rateswere negativein the 1970s
because inflation skyrocketed and nominal interest rates did not catch up for some
time. Because no other good reason existsfor real interest ratesto become negative,
no analyst would want to predict a negative real interest rate unless the underlying
causewasasurgeof inflation. Likewise, well-established correl ationsbetweeninfla-
tion and unemployment have been drawnin theannual data; they aregenerally attrib-
uted to fluctuationsin aggregate demand. An analyst would not want to accidentally
simulate high-frequency positive correl ations between inflation and unemployment
when the data suggest a strong negative correlation.

Thetechniquethat CBO used to simultaneously model the three variablesbuilds
directly on the basic time-series approach. But rather than simply regressing avari-
able on its own lagged value, each equation includes lagged values for al of the
variablesunder consideration.™* Thus, for example, the equation for unemployment
includeslagged valuesfor unemployment, thereal interest rate, and inflation over the
previous two years (see the appendix for more details). The correlations between
eachvariableanditsown lagged valuesaregenerally positive. Theeffect of eachvar-

11. That techniqueis known as vector autoregression (VAR).
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FIGURE 13. UNCERTAINTY BANDS FOR THE UNEMPLOYMENT RATE
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SOURCES: Department of Labor, Bureau of Labor Statistics, Social Security Administration, Office of the Chief Actuary;
Congressional Budget Office.

NOTE: Annual uncertainty bands show the 90 percent confidence rangefor agiven year. Average uncertainty bands show the
90 percent confidence range for the average of 2000 through a given year.

iable onthe other two differs over time but generally reflects well-known properties
(such asthe short-term negative rel ationship between inflation and real interest rates
described above).

Theuncertainty bandsfor annual values of unemployment, inflation, and thereal
interest rate are much larger than the bands for average values (see Figures 13, 14,
and 15). For annual values, the range for the unemployment rateis 2 to 3 percentage
pointsineachdirection, and therangesfor inflation and thereal interest rate areabout
4 percentage points in each direction. For 75-year average values, the ranges for
inflation and unemployment do not differ much from thosein SSA’shigh- and low-
cost scenarios(see Table4). However, CBO' srangefor thereal interest rateisnearly
double that of SSA. (The 1999 Technical Panel of the Social Security Advisory
Board suggested an even larger range—0.75 percentage points in each direction.)

The unemployment rateisthefirst examplein thisanalysisof a“bounded” input
(one that is naturally restricted to a certain range). If the unemployment rate was
modeled simply asalevel variable, random shocksthat | ed to negative unemployment
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FIGURE 14. UNCERTAINTY BANDS FOR THE INFLATION RATE
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SOURCES: Department of Labor, Bureau of Labor Statistics; Social Security Administration, Office of the Chief Actuary;
Congressional Budget Office.

NOTE: Annual uncertainty bands show the 90 percent confidence rangefor agiven year. Average uncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

could bechosen—whichis, of course, impossibleinreality. Thus, theestimated equa
tion coefficientsare based on a“ transformed” version of the unemployment rate that
is restricted between zero and one (see the appendix).*?

Immigration and Disability Incidence and Termination

Annual levels of legal immigration and rates at which peoplejoin and leavethe Dis-
ability Insurance program are set directly in law or influenced strongly by policy
changes. Historical datafor each of those variables show clear indications of chang-
ing central tendencies. However, isit appropriate to think of those changes as ran-
domwhenthey are determined to some extent by shiftsin policy? Theanswer to that
guestion determines which specification is appropriate for the three variables. The

12. The transformation involves taking the log-odds ratio: if u isthe unemployment rate, the variable being
modeled is x = log(u/(1-u)). No matter what the shocks to x, the outcome of u is bounded between zero
and one.
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FIGURE 15. UNCERTAINTY BANDS FOR THE REAL INTEREST RATE ON ASSETS
IN THE SOCIAL SECURITY TRUST FUNDS
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTE: Annual uncertainty bands show the 90 percent confidencerangefor agiven year. Average uncertainty bands show the
90 percent confidence range for the average of 2000 through a given year.

approach that CBO used was to model the processes without random changes in
central tendency, so that variation over timeis attributed only to random shocks and
correlation. To the extent that such variation results from changesin law, it will be
overestimated.

Applying the standard time-series approach to those three variables produces
significant uncertainty bands (see Figures 16, 17, and 18). Theequationforimmigra-
tion is somewhat more complicated than the standard (one-lag) time-series model
becauseaclear trendinthelevel of immigrationisapparent over time (seethe appen-
dix). Thewide error bands for both annual and average values for immigration are
consistent with thelarge autocorrel ation, which magnifiesshocksover time(although
theinitial shock eventually fades away).

M easuring uncertai nty bandsfor disability incidenceand terminationismorediffi-
cult because of the limited data—only about 25 years worth—available for each
input. Both equationsfail thetest for astabletime-seriesvariable; however, because
that failure isdriven by known policy changes and a short data series, CBO ignored
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FIGURE 16. UNCERTAINTY BANDS FOR THE LEVEL OF IMMIGRATION
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTES: Annua uncertainty bandsshow the 90 percent confidencerangefor agiven year. Averageuncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

Recent historical data for the level of immigration are unavailable.

it for this analysis in order to generate fixed error bands. Those bands are quite
large—for example, DI incidence roughly doubles between the high and low bands,
whichleadstoawidevariationin estimatesof Social Security’ sfinances. (Figures17
and 18 look different from the other figures because SSA’s expected values vary.
Thus, the uncertainty bands for average values do not always bracket the expected
values.) In addition, the rates of both disability incidence and termination are natu-
rally restricted between zero and one. Thus, like unemployment, thosevariableswere
estimated using a bounding transformation.

Fertility

Among the nineinputs, thefertility rate standsout in terms of its complexity and the
potentia randomnessof itscentral tendency. Thehistorical datasupport two different
methodsfor modeling fertility: onewithout random changesin central tendency and
the other with random changes. CBO assumed a base-case scenario that includes no
changes in central tendency, but it also analyzed an alternative scenario with such
changes.
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FIGURE 17. UNCERTAINTY BANDS FOR THE RATE OF DISABILITY INCIDENCE
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTES: Annua uncertainty bandsshow the 90 percent confidencerangefor agiven year. Averageuncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

Recent historical data for the rate of disability incidence are unavailable.

Those two approaches provide different interpretations of the history of U.S.
fertility ratessince 1940. The base case explainsthesurgeinfertility associated with
the baby boom as a series of highly correlated shocks. An approach that assumes
random changesin central tendency indicates that the baby-boom era and the post-
1964 period have two very different central tendencies.

Fertility can also be modeled using a standard time-series approach that leadsto
stable error bands (see Figure 19).** The estimated equation involves four lags for
past fertility ratesand acorrelated error (moving-average) term (seethe appendix for
details). Assuggested, themodel explainsthe baby boom asacombination of annual
shocksand highly correlated annual outcomes. Thus, the 90 percent rangefor fertility
(roughly 1.0 to 3.0 children per woman) contains most of the data points associated
with the baby boom.

13. Fertility is naturally bounded from below (the rate cannot drop below zero); however, using a bounding
transformation requires setting limitsin both directions. The uncertainty bandsin Figure 19 are based on
an (arbitrary) upward limit of 4.0 children per woman.
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FIGURE 18. UNCERTAINTY BANDS FOR THE RATE OF DISABILITY TERMINATION
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTES: Annua uncertainty bandsshow the 90 percent confidencerangefor agiven year. Averageuncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

Recent historical data for the rate of disability termination are unavailable.

Allowing random changesin central tendency hasasimple effect on the standard
time-series disaggregation; however, the implications for the uncertainty bands are
profound. Intherandom-changeapproach, thevariablebeingmodeledisfirst-differ-
enced—a process akin to assuming perfect correlation in the levels of the variable.
That means that every shock in the equation has a*“permanent” effect until a shock
in the other direction occurs.™ Thus, the variable tends to meander in one direction
or another for long periods.

Theerror bandsfor annual valuesof fertility given afirst-differenced specification
show the possibility of meandering in either direction in the future (see Figure 20).

14. Building on footnote 4, the specification for avariable x; is:
(X - X)) =0+ B (Xea = Xe2) + &

where t denotes time, o and  are parameters to be estimated, and ¢, is the residual (unexplained error)
at timet. That type of equation can also be estimated with standard regression techniques.
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FIGURE19. UNCERTAINTY BANDS FOR THE OVERALL RATE OF FERTILITY
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTE:  Annua uncertainty bandsshow the 90 percent confidencerangefor agiven year. Averageuncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

The 90 percent range is much wider in 2075 than in the early years of the projection.
Indeed, that band is narrower than the band of annual values for the standard speci-
fication (shownin Figure 19) inthefirst few decades, but it growsannually by afixed
amount, becoming wider by about 0.5 in either direction.

Even more striking is the difference in the shape of the error bands for average
fertility values between the two specifications. For the standard specification, those
bands narrow with time (see Figure 19). Thus, lessuncertainty existsin the average
value for 2000 through 2075 than in the average value for 2000 through 2020, for
example. For thefirst-differenced specification, however, thebandsfor averageval-
uesactually widen asshockspermanently affect theannual level of fertility and create
scenarios with consistently higher or lower fertility than expected (see Figure 20).

After al of the estimation is complete, a sense of dissatisfaction about fertility
(and possibly other inputs) remains. Using statistical techniques to forecast uncer-
tainty infertility impliestheinclusion of arandomly changing central tendency. But
how can the current annual fluctuation in thetotal fertility rate permanently affect all
future outcomes? If that werethe case, it would suggest that decisions about fertility
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FIGURE 20. UNCERTAINTY BANDS FOR THE OVERALL RATE OF FERTILITY
USING THE FIRST-DIFFERENCED SPECIFICATION
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SOURCES: Socia Security Administration, Office of the Chief Actuary; Congressional Budget Office.

NOTE:  Annua uncertainty bands show the 90 percent confidencerangefor agivenyear. Averageuncertainty bandsshow the
90 percent confidence range for the average of 2000 through a given year.

were determined by random changesin thefertility rate, which isnot consistent with
any logical or theoretical explanation of the level of fertility.

Another way to view the uncertainty about fertility isto look at other factorsthat
may have caused fluctuations over time. The Depression, World War |1, the great
postwar economic expansion, the discovery of cheap and effective birth control—all
of those events had unpredictable and dramatic effects on the fertility rate. By pre-
dicting uncertainty that isconsistent with past variation, CBO isimplicitly assuming
that such events could happen again. Conversely, if the recurrence of those types of
eventsisruled out, the estimates of uncertainty about fertility presented herearetruly
an upper bound.



CHAPTER V
UNCERTAINTY ABOUT SOCIAL SECURITY'S
LONG-TERM FINANCES

Two different sets of statistics are commonly used to assess the long-term financial
prospects for Social Security. The first set summarizes the expected adequacy of
trust fund balancesfor aspecific period of time. For example, thetraditional present-
valueactuarial estimate basically indicates how far the system isexpected to befrom
showing a positive balance at the end of the 75-year horizon. The second set of sta-
tistics focuses on the rel ationship between the program’ s costs and itsincomein any
given future year. From those measures, inferences can be drawn about the path of
the system’ s finances in that year.

Intermediate projectionsfor both types of statisticsare sobering. Actuariesat the
Socia Security Administration predict that the trust funds will run out of money
around 2037 and that achieving solvency through 2075 would require an immediate
tax increase or benefit cut equal to 1.89 percent of taxable payroll.> SSA’s projec-
tions also imply that the program’ s costs will begin to exceed itsincome (excluding
interest) around 2015 and that the gap between the two will widen to 6.2 percent of
taxable payroll by 2075.

Giventhelength of timebeforethe projected exhaustion of thetrust fundsand the
dramatic widening of the cost/income gap, policymakers understandably want to
know the likelihood that those dire predictions will cometo pass. Asexplained in
Chapter 1V, the Congressional Budget Office uses time-series analysis to derive
probability distributions for each of the nine major input assumptions that go into
those projections. CBO then uses Monte Carlo or bootstrap simulations to generate
random valuesfor thoseinputs, andfinaly, it repeatedly solvesitsdeterministic model
of trust fund accumulation. That stochastic approach enables CBO to assign mea-
suresof likelihood for variousrangesof trust fund outcomes, thus adding some prob-
abilistic interpretations to SSA’s basic actuarial forecasts.

Theresultsof CBO’ sanalysisarein somewayseven more dramati c—and sugges-
tive of impending problems—than SSA’s conclusions based only on intermediate
assumptions. For example, thebase-case M onte Carlo simulationsimply that thetrust
funds have only about a 1 percent chance of achieving a positive balance at the end

1. Asnoted in Chapter I, those estimates come from Social Security Administration, The 2000 Annual
Report of the Board of Trustees of the Federal Old-Age and Survivors|nsurance and Disability Insurance
Trust Funds (March 30, 2000).
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of 75 years.? That conclusion is much starker than SSA’s view of the range of out-
comes, sinceeven under SSA’ slow-cost projection, the Social Security systemisex-
pected to remain solvent in 2075.

Focusing on the gap between program costsand incomeover time, however, indi-
cates agreat deal of uncertainty, which suggests caution when considering the dire
predictionsof very long rangeforecasts. The 90 percent uncertainty band for the gap
between costsand incomein 2075 that wasgenerated by CBO’ sMonte Carlo simula-
tionsisroughly the same size asthe trust funds' expected deficit that year. In other
words, the prediction that almost no gap will exist between costs and income and the
predictionthat theproblemwill betwiceaslargeas SSA’ sintermediateval ueareboth
admissible conclusions within a 90 percent band of uncertainty.

Those differences in tone when describing the uncertainty of Social Security’s
financesarenot inconsistent. Thefarther off an event, themoreuncertainit generally
is. Given that summary measures of the trust funds are weighted toward the near
term (because of present-value discounting), events in the 75th year do not matter
nearly as much asthosein the next few years. Thus, it is possible to be much more
certain about the present val ue of the system’ sfinancesthan about their path 75 years
from now.

CBO'’ sstochastic approach isalso useful for decomposing the uncertainty about
thosefinancesacrossvariousinputs. The contribution of any oneinput to overall un-
certainty dependsonitsunderlying variability (discerned fromthetime-seriesanaysis)
and its effect on system finances (which depends on the rules of the Social Security
program). A great deal of uncertainty may exist about aparticular variable, but if sys-
tem financesarenot significantly affected when thevariabl e changes, itscontribution
to overall uncertainty will be modest. That observation may suggest waysin which
Socia Security can be altered to reduce financial uncertainty by modifying therules
so asto shift risk away from the trust funds and onto beneficiaries (such as by tying
the retirement age to longevity).

BASE-CASE ESTIMATES OF TRUST FUND UNCERTAINTY

In assessing the health of the trust funds, analysts commonly look at three summary
statistics: theincomerrate, the cost rate, and the actuarial balance. Theincomerate
represents the percentage of taxable wages paid into the Social Security system (an
amount basically fixed by law). The cost rate represents the percentage of taxable
wagespaidtobeneficiaries; itisstrongly affected by demographic changes, especially

2. Asexplainedinthe previouschapter, CBO' sbase case assumesthat thereisno changein central tendency
for fertility.
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changesintheratio of Social Security beneficiariestoworkers. Theactuarial balance
is the difference between the cost and income rates. Those three statistics can be
computed for a particular year or used to create summary (present-value) measures
of system finances.

Thosestatisticsare often employed to describe Social Security’ sfinancesbecause
they have convenient interpretations. The relationship between the income rate and
thecost ratein agiven year isabasicindicator of whether the trust funds are accumu-
lating resources (although in the short run, they might be earning interest on past
accumulations and still growing even if costs exceed income). The present-value
measuresindicate the size of the gap between income and costs over an entire period
(including the accumulation of interest as the trust funds go through buildup and
depletion phases). Expressingthosemeasuresrel ativeto taxablepayroll makesit pos-
sibleto convert any gap into a statement about policy—the size of thetax increase or
benefit cut needed to keep the Social Security system solvent for the next 75 years.

Differences Between Deterministic and Stochastic Expected Vaues

When CBO’s Long-Term Actuarial Model is solved using stochastic Monte Carlo
simulation, it yields an estimated long-term actuarial balance of -2.18 percent (see
Table5). That funding gap isnoticeably greater than the SSA actuaries’ deterministic
estimate of -1.89 percent or LTAM’ s own deterministic estimate of -1.93 percent.?
Thedifference between deterministic and stochastic values occurseven though all of
theinput assumptionshave been specified tovary around SSA’ sintermediateval ues.*
That difference shows up for al of the estimated measures—and indeed, it grows
larger as one looks forward in time.

The primary reason for the difference between deterministic and stochastic esti-
matesis asymmetry in LTAM’s response to changesin inputs.®> For instance, when
the average fertility rate is increased, system finances change by less (in absolute

3. Thedeterministic value from LTAM (-1.93 percent) differsfrom SSA’s estimate (-1.89 percent) because
of different approaches to rounding in the two models.

4. Inthetime-series equations described in the previous chapter, the constant terms are set to zero. Thus,
the equation basically produces deviations around a zero mean, which are then added to the deterministic
intermediate projections. An alternative strategy would be to use the estimated time-series equations to
produce forecasts directly, but that would change the nature of the exercise to some extent.

5. Noah Meyerson and John Sabelhaus, “Uncertainty in Social Security Trust Fund Projections,” National
Tax Journal, vol. 53, no. 3, part 1 (September 2000), pp. 515-529.
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TABLES5. ESTIMATED UNCERTAINTY ABOUT TRUST FUND OUTCOMES
IN CBO'SBASE CASE

Deterministic ~ Stochastic 90 Percent
Expected Expected Standard Range of
Value Value Deviation Uncertainty

75-Year Summary Measures

Actuarial Balance -1.93 -2.18 1.16 -4.17t0-0.34
Cost Rate 15.40 15.67 1.29 13.62t0 17.86
Income Rate 13.47 13.49 0.16 13.24t0 13.79

Annual Measures for 2030

Actuarial Balance -4.30 -4.78 2.54 -9.49t0 -1.00
Cost Rate 17.35 17.85 2.65 13.90 to 22.86
Income Rate 13.05 13.07 0.11 12.91t0 13.27

Annual Measuresfor 2075

Actuarial Balance -6.20 -8.20 5.26 -18.38t0 -0.97
Cost Rate 19.51 21.62 5.55 14.02 to 32.43
Income Rate 13.31 13.42 0.28 13.04t0 13.98

Aged Dependency Ratio

In 2030 35.3 355 20 32510389
In 2075 42.0 44.8 9.5 31.81062.3

SOURCES: Socia Security Administration; Congressional Budget Office.

NOTE: Thestochasticexpected values, standard deviations, and 90 percent rangesof uncertainty arebased on 1,000 Monte Carlo
simulations using CBO's Long-Term Actuarial Model.

terms) than they do when the averagefertility rateis decreased by the same amount.®
Suchasymmetriesinthemode’ sresponse, when combined with symmetric variation
in the inputs, cause average statistics in the stochastic simulations to diverge from

6. Those asymmetries are verified by looking at the sensitivity analysisin Table 2. For example, the im-
provement in the 75-year actuarial balanceis 2.27 percent of taxable payroll when all inputs are set to the
Socia Security Administration’s low-cost values, but the deterioration is -3.11 percent when the input
values are set to SSA’s high-cost levels.
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those in the deterministic simulations even though the average values for the inputs
are the same.

Uncertainty About the 75-Y ear Summary Actuarial Balance

Thisanalysis measuresthe uncertainty associated with 75-year summary statisticsin
two ways: using the standard deviation and the 90 percent range of uncertainty (or
confidencerange). The standard deviationisacommon measureused to describethe
variability in aparticular estimate; it isinterpreted as being the plus-or-minusfigure
within whichthe outcomewill lie about two-thirds of thetime. The 90 percent range
of uncertainty marks the values that 5 percent of the outcomes are below and 5 per-
cent are above.

In CBO' s stochastic simulations, 90 percent of the 75-year actuarial balanceslie
within arange of -0.34 percent to -4.17 percent (see Table 5). Therefore, the trust
fundsface ahigh probability of being exhausted beforethe end of the 75-year period.
The chief source of uncertainty about the actuarial balance is the 75-year cost rate;
with aprobability of 90 percent, it ranges between 13.62 percent and 17.86 percent.
The 75-year income rate, by contrast, has a fairly narrow range (13.24 percent to
13.79 percent). Becausethetax ratesfor Social Security arefixed, theonly variation
in the income rate arises from the taxation of Social Security benefits.

Increasing Variability of Annual Actuarial Balances

Currently, the Social Security program’s cost rate is below its income rate, which
means that the trust funds are accumulating resources. By 2030, however, the cost
rate is expected to exceed the income rate by 4.3 percent of taxable payroll in the
intermediate deterministic case. That gap is predicted to widen to 6.2 percent by
2075. The stochastically generated cost and income rates show an even wider gap:
8.2 percent of taxable payroll by 2075. (Annual stochastic estimates diverge from
their equivalent deterministic estimates for the same reason that 75-year summary
measuresdo: the model’ s asymmetric response to symmetrically distributed inputs.
But the difference is even more noticeable with annual values than with summary
ones.)

That widening gap resultsfrom expected growth in the cost rate over time, which
in turn reflects the increasing burden that Social Security is expected to bear asthe
baby-boom generationretires. It also reflectsthe combination of increased longevity
and lower fertility that is expected to permanently increase the ratio of beneficiaries
to workers, even after the baby boomers die off.
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Besidesrising, theannual cost rateisexpected to grow increasingly variable over
time (thusboosting thevariability of theactuarial balance). That changeisprojected
to be dramatic. Asmeasured by the standard deviation, the variability of the annual
cost rate more than doubles between 2030 and 2075, while the expected value rises
by only about one-fifth (see Table 5).

One ssimple factor drivesthat dramatic growth in the amount of variation in the
forecast: eventually, the random outcomes of the nineinput processes will become
the foundation for generating future random inputs. In 75 years, the cohort bornin
2001 will haveworked, had children who might al so beworking, and possibly retired
or even died. Randomly changing the fertility rate in 2001 produces great variation
in the size of the cost rate 75 years later, because in that case, the total amount of
Socia Security benefitswill includearandomly generated number of beneficiariesas
well as the randomly drawn inputs that were used at the beginning of the projection
(mortality, real wage growth, inflation, and so forth).

That principle—that early variation results in even higher future variation—is
most clearly seen by looking at how variation in the aged dependency ratio grows
over time (see Table5).” Although the expected ratio increasesfrom 35.5 percent to
44.8 percent between 2030 and 2075, the standard deviation of the ratio rises much
more dramatically, from 2.0 percent to 9.5 percent. (The aged dependency ratio in
2030 can be predicted with afair amount of certainty—after al, most of the people
who make up that ratio are already alive, and mortality is the only real source of
uncertainty.)

The Likelihood of Trust Fund Exhaustion Over Time

In addition to the standard stati stics (cost rates, incomerates, and actuarial balances),
apolicymaker may want to know how likely it isthat the trust fundswill remain sol-
vent through a particular period. The size of the trust funds can be looked at in a
number of ways—a preferred method is to relate the balance in any given year to
Socia Security’ sspendingthat year (thetrust fundratio). Inboth SSA’ sintermediate
deterministic projections and CBO's stochastic projections, the trust fund ratio is
expected to rise for the next decade or so and then begin to fall asthe trust funds are
depleted (see Figure 21).

Asit doeswith other statistics, the stochastic approach allows analysts to assign
probabilistic interpretationsto the possible path for trust fund ratios. InCBO’ sbase-
case Monte Carlo simulations, a 90 percent chance exists that the funds will be sol-

7. The aged dependency ratio measures the number of people age 65 or older relative to the population
between ages 20 and 64.
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FIGURE 21. PROBABILITY DISTRIBUTION OF THE BALANCE OF THE SOCIAL
SECURITY TRUST FUNDS
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SOURCE: Congressional Budget Office.

NOTE: Ineachyear, thereisal10 percent chancethat the balance will fall within each shaded band, a 10 percent chancethat it
will fall below the lowest band, and a 10 percent chance that it will fall above the highest band.

vent at least through 2029 (in Figure 21, that isthe year in which the 10th percentile
path crosses the zero line). The expected year of exhaustion—based on the 50th
percentiletrajectory—is 2036, basically the same asin SSA’ sdeterministic case. At
the other extreme, thetrust funds have only a 10 percent chance of remaining solvent
through 2054 (where the 90th percentile trgjectory hits zero) or beyond.

Note that in Figure 21, the distribution of trust fund exhaustion dates is skewed
totheright. That skew isattributableto the nonlinear combinations of theinputsthat
will have a postponed effect on the trust funds. In particular, the variation in the
averagelevel of fertility will affect the size of thetrust fundsover time. High average
fertilityintheearly yearsof the projection prolongssol vency by adding moreworkers
to the system after 20 years. Theresponseisasymmetric, in that an equal reduction
in fertility will not make the trust funds go broke much faster than is expected in the
worst case—the reason is that the workforce in 2029 will be composed mostly of
people who have aready been born.
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TABLE 6. SOURCES OF UNCERTAINTY ABOUT SOCIAL SECURITY'SFINANCES

75-Y ear Actuarial Balance Cost Rate in 2075
Expected Expected
Valuefor Vaue
Actuarial Standard for Standard

Balance®  Deviation Cost Rate® Deviation

Effect of Changing Individual |nputs

Fertility -1.94 0.63 20.11 3.17
Mortality improvement -2.01 0.38 19.77 1.00
Immigration -1.93 0.10 19.52 0.38
Real wage growth -1.92 0.64 19.93 2.69
Inflation -2.00 0.39 20.17 2.24
Unemployment -1.94 0.04 19.53 0.32
Real interest rate -1.94 0.24 19.51 na
Disability incidence -1.99 0.17 19.60 0.46
Disability termination -1.91 0.06 19.47 021
Effect of Changing All Inputs Together -2.18 1.16 21.62 5.55

SOURCES: Socia Security Administration; Congressional Budget Office.
NOTES: Based on 1,000 Monte Carlo simulations using CBO’s Long-Term Actuarial Model.
n.a = not applicable.
a The 75-year actuarial balance in SSA’s intermediate projection published in 2000 is -1.89 percent of taxable payrall.

b. The 2075 cost rate in SSA’ s intermediate projection published in 2000 is 19.51 percent.

SOURCES OF TRUST FUND VARIABILITY

TheMonte Carlo simul ation technique can be applied to any combination of thenine
inputs, including oneat atime. That exerciseisuseful becauseit indicateshow much
of theoverall variability is attributable to each input. Breaking down uncertainty by
source showswhether the specification of any given time-seriesequation significantly
affectstheresults. That processisalso helpful in considering policy changesthat are
designed to lessen the financial risk in the Social Security system.

How Much Trust Fund Uncertainty Is Attributable to Each Input?

Holding all other variables fixed at their expected values, the rates of real wage
growth and fertility cause the most variation in the 75-year actuarial balance and the
2075 cost rate (see Table 6). Indeed, together those two inputs account for about
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half of the total uncertainty. Variability in the rates of mortality improvement and
inflation also have large effects, but each effect isstill only about half aslarge asthe
impacts of real wage growth and fertility.

When only real wage growth or fertility isallowed to vary randomly, the 75-year
actuarial balance has a standard deviation of about 0.64 percent. But when every
input varies, thestandard deviationis1.16 percent, whichissmaller eventhanthesum
of those two individual changes. That relationship indicates an important feature of
the Monte Carlo simulation process—it ishighly unlikely to generate especially bad
or good draws for al of the inputs at the same time (the assumption used in SSA’s
approach of high- and low-cost scenarios). Rather, the simulations tend to produce
some high and some low draws, which cancel each other out. Thus, the overall stan-
dard deviation is much less than the sum of theindividual standard deviationswhen
each input is run separately.

Theeffect of uncertainty about fertility and real wage growth increasesdramatic-
ally looking forward in time; uncertainty about inflation also becomes important.
Tying that finding back to the discussion in the previous chapter, real wage growth
and inflation represent bounded changesin other variables (wagelevelsand pricein-
dexes, respectively) that arereally meandering. Becauseitisthelevelsof wagesand
pricesthat actually affect the system, bounded uncertainty inthe changesisconsistent
with expanding ranges of variability inthelevelsover time. Except for thereal inter-
est rate (which does not affect annual cost rates), the variablesfollow the same order
of magnitude in their effect on the 2075 cost rate asthey do in their effect on the 75-
year actuarial balance.

Comparing Time-Series and Scenario-Based Sources of Uncertainty

Thestochastic and deterministic model syield strikingly different effectson theuncer-
tainty of the 75-year actuarial balancefor threeinputs: fertility, mortality, andthereal
interest rate. Thosedifferent resultsarisefrom the difference between allowing each
input to move annually according to its historical distribution and projecting inputs
without annual fluctuations.

*  Fertility. In the stochastic model, fertility has nearly twice as great an
impact ontheuncertainty of the 75-year actuarial balanceasit doesin SSA’s
high- and low-cost analysis. That difference occurs because the stochastic
projection of fertility is based on data from 1917 to 1998, whereas the
deterministic model (at least implicitly) basesthe uncertainty of fertility on
amuch shorter range.

*  Mortality. Variationintherate of mortality improvement causes only half
asmuchvariationinthe 75-year actuarial balancein the stochastic model as
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it doesinthehigh- and low-cost approach. That disparity isprobably attrib-
utable to the difference in how the two approaches project the reductionin
mortality rates. The deterministic model assumesthat the reduction will be
perfectly correlated across age/sex groups. The stochastic model assumes
that there will be some correlation across age/sex groups, but because that
correlation is not perfect, it also assumes that there will be some offsetting
differences among the groups. For example, even when ahigh overall rate
of mortality improvement isprojected, some age/sex groups may experience
asmaller reduction, or evenanincrease, inmortality rates. Thus, theoverall
variation in rates for different scenarios will be smaller in the stochastic
model than in the deterministic mode.

*  Real Interest Rate. This variable produces much less variation in the 75-
year actuarial balance under the stochastic model than under the high- and
low-cost scenarios.

Therest of the inputs have amost the same effect on the uncertainty of the 75-year
actuarial balance in both approaches. However, for inflation and real wage growth,
the differences are small but noticeable.

THE EFFECT OF RANDOM CHANGES
IN THE CENTRAL TENDENCY FOR FERTILITY

When the assumption of afixed central tendency for fertility ismodified to allow for
random changesin central tendency, the effect on the uncertainty of the 75-year sum-
mary statisticsismodest. Theuncertainty of the 2075 cost rate, by contrast, increases
by nearly three-quarters (see Table 7).

Allowing random changesinthecentral tendency for fertility booststhevariability
of the 75-year summary cost rate by 12 percent (the standard deviation rises from
1.29 percent of taxable payroll to 1.45 percent). When all of the other inputsare held
fixed at thevaluesexpected by SSA, that changea soincreasesthe standard deviation
of the 75-year actuarial balance by 40 percent (from 0.63 percent to 0.88 percent)—
makingfertility themost important sourceof uncertainty. That increaseinvariability
suggeststhat the 75-year funding gap coul d become evenwider (the new lower bound
of the 90 percent uncertainty band for the actuarial balanceis-4.26 percent) or could
disappear entirely (the new upper bound is 0.00).

Thevariability of the cost ratein 2075 rises by amuch larger amount: 71 percent
(the standard deviation grows from 5.55 percent to 9.48 percent). Moreover, when
all of the other inputs are held fixed at their deterministic expected values, thevaria-
bility of the 2075 cost rate jumps by 235 percent (the standard deviation is 7.46 per-
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TABLE7. ESTIMATED UNCERTAINTY ABOUT TRUST FUND OUTCOMES ASSUMING
RANDOM CHANGES IN THE CENTRAL TENDENCY FOR FERTILITY

Base Case
(Fixed central tendency) Random Central Tendency
Standard 90 Percent Range Standard 90 Percent Range
Deviation  of Uncertainty Deviation  of Uncertainty

75-Year Summary Measures

Actuarial Balance 1.16 -4.17t0-0.34 1.31 -4.26 t0 0.00
Cost Rate 1.29 13.62t0 17.86 1.45 13.281t017.97
Income Rate 0.16 13.24t0 13.79 0.17 13.22t013.79

Annual Measures for 2030

Actuarial Balance 2.54 -9.491t0-1.00 243 -9.31t0-1.28
Cost Rate 2.65 13.90 to 22.86 2.53 14.20to 22.61
Income Rate 0.11 12.91to 13.27 0.10 12.92 t0 13.26

Annual Measuresfor 2075

Actuarial Balance 5.26 -18.38t0 -0.97 9.00 -26.11to0 1.50
Cost Rate 5.55 14.02 to 32.43 9.48 11.42 to 40.57
Income Rate 0.28 13.04 to 13.98 0.49 12.90to 14.38

Aged Dependency Ratio

In 2030 20 32.5t038.9 17 32.81t038.4
In 2075 9.5 31.8t062.3 195 245t084.1

SOURCE: Congressional Budget Office.

NOTE: Based on 1,000 Monte Carlo simulations using CBO'’s Long-Term Actuarial Model.

cent, compared with 3.17 percent inthe basecase). Allowingthe central tendency for
fertility to move randomly produces larger variability in the annual cost rates and
actuarial balancesfor later years of the projection period than for earlier years. The
distribution of trust fund ratioslooksvery similar to that of the base case, but aslight
outward shift occursin the 90th percentile, from exhaustion in 2054 to exhaustionin
2056 (see Figure 22).
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FIGURE 22. PROBABILITY DISTRIBUTION OF THE BALANCE OF THE SOCIAL
SECURITY TRUST FUNDS ASSUMING RANDOM CHANGES
IN THE CENTRAL TENDENCY FOR FERTILITY
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SOURCE: Congressional Budget Office.

NOTE: Ineachyear, thereisa 10 percent chance that the balance will fall within each shaded band, a 10 percent chancethat it
will fall below the lowest band, and a 10 percent chance that it will fall above the highest band.

THE EFFECT OF USING BOOTSTRAPPED RANDOM SHOCKS

A final sensitivity analysisis based on bootstrap simulations. The idea behind per-
forming this analysisisthat, in the Monte Carlo simulations, the distribution of the
random shocks might not be normal, and thusthe assumption of normality pushesthe
resultsinonedirection or another. The problem with bootstrap simulations, however,
isthat they require making random picks from thelist of historical shocks—that is,
from the actual error termsof the original estimation. If thetime period used for that
estimation was short, the sample of error terms to choose from will be small.

Theimpact of shiftingto bootstrapped random shocksisfairly modest (see Table
8). The standard deviation of the 75-year actuarial balance rises from 1.16 to 1.32
percent, and the 90 percent uncertai nty range expands by about 0.3 percent of taxable
payroll in either direction. The standard deviation of the 75-year cost rate does not
change disproportionately.
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TABLE 8. ESTIMATED UNCERTAINTY ABOUT TRUST FUND OUTCOMES
USING BOOTSTRAPPED RANDOM SHOCKS

Base Case
(Normal random shocks) Bootstrapped Random Shocks
Standard 90 Percent Range Standard 90 Percent Range
Deviation  of Uncertainty Deviation  of Uncertainty

75-Year Summary Measures

Actuarial Balance 1.16 -4.17t0-0.34 1.32 -4.47t0-0.10
Cost Rate 1.29 13.62t0 17.86 1.47 13.36t0 18.21
Income Rate 0.16 13.24t0 13.79 0.17 13.23t013.80

Annual Measures for 2030

Actuarial Balance 2.54 -9.491t0-1.00 2.60 -9.37t0-1.06
Cost Rate 2.65 13.90 to 22.86 2.71 13.98 to 22.64
Income Rate 0.11 12.91to 13.27 0.11 12.91to0 13.27

Annual Measuresfor 2075

Actuarial Balance 5.26 -18.38t0 -0.97 5.47 -18.88t0 -1.05
Cost Rate 5.55 14.02 to 32.43 5.76 14.13t0 33.03
Income Rate 0.28 13.04 to 13.98 0.30 13.03t0 14.01

Aged Dependency Ratio

In 2030 20 32.5t038.9 23 31.81t039.3
In 2075 9.5 31.8t062.3 9.9 30.3t0 62.0

SOURCE: Congressional Budget Office.

NOTE: Based on 1,000 Monte Carlo and bootstrapped simulations using CBO’s Long-Term Actuarial Model.







APPENDI X
ESTIMATESOF TIME-SERIESEQUATIONS
FOR INPUT ASSUMPTIONS

In the Congressional Budget Office’ sanalysis, the equationsfor each input are esti-
mated according to basic techniques of time-series econometrics." For each series,
thegoa istofind an equation that sufficiently capturesthe propertiesof the historical
time series and employs alimited number of variablesto yield aplausiblefit for the
input variable. Two sets of tests are performed to guarantee that the historical time
seriesisstationary and that theresidual s of thefitted equation arewhitenoise. Inthis
analysis, the only inputs that fail to pass tests of stationarity are fertility and the
variablescontrolled primarily by law (disability incidence, disability termination, and
immigration). For afew age groups, the residuals of the time-series equations for
mortality improvement fail to pass the test for white noise.

Currently, thepossibility of nonstationarity isrecognized onlyin CBO’ sestimates
of uncertainty inthefertility projection. Theother inputsthat may contain nonstation-
aritiesare estimated as stationary processes, because random changesin their central
tendenciesare strongly influenced by changesin law. CBO plansto pursueimprove-
ments in how the system of equations for mortality measures that variable; for the
present, however, it felt that a“ corrected” model would produceresultssimilar tothe
equations now in place.

Each variable has been estimated using either an AR(1) process, a vector auto-
regressionmodel, or an ARMA model involvingthreeor four autoregressivevariables
along with a moving-average representation of the annual fluctuations.?

» Real Wage Growth. Thisinput wasestimated accordingto an AR(1) process,
such that

Xt =0.006 +0539 Xt -1 +&

where x, represents real wage growth and ¢, represents the random variable
that describes the annual random shocks to real wage growth and has a
standard deviation of 0.018. The p-valuefor the Dickey-Fuller test is0.003,

1.  See, for example, Walter Enders, Applied Econometric Time Series (New York: John Wiley & Sons,
1995).

2. To preserve the series with an expected value set to the Social Security Administration’s intermediate
assumption, each result is expressed in deviation form. The deviation is forecast and then added to the
deterministic expected value.
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TABLE A-1. ESTIMATED COEFFICIENTS FOR MORTALITY REDUCTIONS

P-Valuefor P-Valuefor

Test of Test of

Age Range I ntercept Beta Sigma Unit Root White Noise
Male Mortality

Under 1 -0.036 -0.244 0.042 0.0001 0.996
1to4 -0.050 -0.419 0.083 0.0001 0.342
5t09 -0.035 -0.227 0.074 0.0001 0.326
10to 14 -0.025 -0.234 0.085 0.0001 0.785
15t0 19 -0.008 -0.198 0.137 0.0001 0.404
20to 24 -0.008 -0.176 0.146 0.0001 0.332
25t029 -0.005 -0.219 0.180 0.0001 0.461
30to 34 -0.006 -0.229 0.158 0.0001 0.524
35t039 -0.011 -0.240 0.099 0.0001 0.303
40to 44 -0.012 -0.162 0.061 0.0001 0.411
451049 -0.012 -0.161 0.044 0.0001 0.263
50to 54 -0.010 -0.099 0.037 0.0001 0.042*
55t0 59 -0.008 -0.040 0.034 0.0009 0.592
60 to 64 -0.008 -0.130 0.032 0.0001 0.028*
65 to 69 -0.007 -0.235 0.031 0.0001 0.168
70to 74 -0.007 -0.282 0.031 0.0001 0.019*
75t0 79 -0.006 -0.260 0.033 0.0001 0.229
80to 84 -0.007 -0.329 0.037 0.0001 0.001*
851089 -0.005 -0.229 0.041 0.0001 0.010*
90to %4 -0.003 -0.256 0.042 0.0001 0.018*
95 and Over -0.002 -0.251 0.045 0.0001 0.064
T (Continued)

which indicates the rejection of the presence of aunit root. The p-value for
the Ljung-Box test for white noise of the residualsis 0.849.

Mortality Improvement. Over arange of 42 age and sex groups, the ratio of
the percentage reduction between the current year’ scentral death rate (by age
and sex) and the previous year’ s central death rate is estimated according to
an AR(1) process. (See Table A-1 for the coefficients as well as for the p-
valuesfor thetestsof unit root and white noisefor theresiduals.) The covari-
ance of theannual random shocksisal so cal culated and used duringthesimu-
lation process. For instance, the correl ation between mortality reductionsfor
malesages 10to14 and malesages 15t019is0.93. Becausethedeterministic
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TABLE A-1. CONTINUED

P-Valuefor P-Valuefor

Test of Test of

Age Range I ntercept Beta Sigma Unit Root White Noise
Female Mortality

Under 1 -0.036 -0.272 0.043 0.0001 0.997
lto4 -0.051 -0.429 0.090 0.0001 0.222
5t09 -0.038 -0.266 0.090 0.0001 0.502
10to 14 -0.027 -0.188 0.110 0.0001 0.685
15t0 19 -0.021 -0.166 0.116 0.0001 0.851
20to 24 -0.023 -0.199 0.147 0.0001 0.874
25t029 -0.018 -0.186 0.179 0.0001 0.750
30to 34 -0.021 -0.222 0.135 0.0001 0.687
35t039 -0.022 -0.239 0.080 0.0001 0.772
40to 44 -0.022 -0.230 0.049 0.0001 0.929
451049 -0.019 -0.261 0.036 0.0001 0.777
50 to 54 -0.017 -0.252 0.032 0.0001 0.455
55t0 59 -0.015 -0.220 0.031 0.0001 0.700
60 to 64 -0.015 -0.345 0.027 0.0001 0.063
65 to 69 -0.012 -0.222 0.029 0.0001 0.125
70to 74 -0.013 -0.274 0.031 0.0001 0.003*
751079 -0.012 -0.283 0.036 0.0001 0.029*
80to 84 -0.011 -0.299 0.039 0.0001 0.000*
851089 -0.008 -0.185 0.045 0.0001 0.006*
90to 94 -0.007 -0.229 0.044 0.0001 0.014*
95 and Over -0.005 -0.237 0.042 0.0001 0.115

SOURCES: Socia Security Administration; Congressional Budget Office.

NOTE: * =failsto passtest for white noise.

model does not include that estimated covariation, mortality variesfar more
in that model than in the stochastic model. To simulate the annual random
shocks and the covariance among them, a random vector of 21 normal ran-
dom errorsis generated for each sex from arandom-number generator. The
21 normal random errors are then transformed according to the variance-
covariance structure of the errors by multiplying the vector of errors by the
Cholesky vector, which is the triangular decomposition of the variance-
covariance matrix of the random shocks.
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TABLE A-2. ESTIMATED COEFFICIENTS FOR CBO'S ECONOMIC MODEL

Dependent Variable
Real Interest

Variable Unemployment Inflation Rate

Intercept -1.074 -0.004 0.029
Unemployment, ; 0.885 -0.079 0.058
Unemployment, , -0.204 0.074 -0.048
Inflation,, 6.727 0.571 0.246
Inflation,., -3.589 0.354 -0.191
Real Interest,, 3.383 -0.683 1.164
Real Interest,., -1.433 0.424 -0.263
Sigma 0.134 0.013 0.013
P-Valuefor Test of Unit Root 0.025 0.001 0.043
P-Valuefor Test of White Noise 0.281 0.222 0.313

SOURCES: Socia Security Administration; Congressional Budget Office.

* Economic Variables. Theeconomic variablesof unemployment, inflation, and
thereal interest rate are estimated together in a VAR model, such that each
variableisafunction of itsown previousvauesaswell asthe previousvalues
of the other two variables.® In each series, the residuals appear to be white
noise, and the seriesisstationary. Asinthemortality projection, thevariance
and covariance of the random shocks of the three variables are estimated in
order to have plausible comovements between the economic variables (see
Table A-2).

e Immigration. Immigrationfailsitstest for stationarity. Itisestimated without
acorrection for that property asan ARMA(4,1) model:

Xt = 487,552 +0.956 i -1 -0.278 DXt -2 +0.316 Xt -3 —
0121Xi -4+ & —0.036 L& -1

3. Unemployment rates are expressed as alog-odds ratio in order to bound them between 0 and 1.
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where the standard deviation of the annual random shock is 187,869 people.
The tests for stationarity reveal that the series fails to reject the presence of
aunit root at the 5 percent level but regjectsit at the 10 percent level (p-vaue
= 0.097). Theresiduals of the model are white noise, based on a p-value of
0.092.

» Disability Incidenceand Termination. Both of these variablesfail their tests
for stationarity. They are estimated without a correction for that property as
an AR(1) model. For the model of disability incidence,

Xt =-=0.796 +0.732 Qi -1 +&

where the standard deviation is equal to 0.128, the p-value for the unit-root
testis0.322, and the p-valuefor white noise of theresidualsis0.592. For the
model of disability termination,

Xt =049 +0.747 Bt -1 + &

wherethe standard deviation of theannual random shock is0.146, thep-value
for the unit-root test is 0.96, and the p-value for white noise of the residuals
is0.67.%

* Fertility. Two models of fertility are estimated. In both, the annual level of
fertility istransformed logistically so the projected values of the annual total
fertility level will lie between zero and four, using the formula x, = log
(TFR/(4-TFR)). After thetransformed projected valuesare calculated, they
are converted into annual total fertility rates according to theformula TFR, =
4-exp(x)/(1+exp(x)).> Thefirst model doesnot allow for the possibility that
the time series is nonstationary—an approach similar to what has been used
in other projections of fertility, where it has been argued that allowing for
nonstationarity may not be appropriate for creating forecasts of the level of
fertility. Onthebasisof that argument, thefirst model isused in the baseline
projection of the trust funds. Fertility is estimated according to an ARMA
(4,1) process,

Xt =0.687 +1.802 Xt -1 —1189 ¥t -2 +0.787 Xt -3 —0.429 A -+ +
&—-0567 [& -1

4. TheLong-Term Actuarial Model uses a disability retention rate, which is simply (1 - termination rate).

5. RonadD. Lee, “Modeling and Forecasting the Time Seriesof U.S. Fertility: Age Distribution, Range, and
Ultimate Level,” International Journal of Forecasting, vol. 9 (1993), pp. 187-202.
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wherethe standard deviation of therandom shock is0.136, the p-valuefor the
unit-root test is 0.530, and the p-value for white noise of the residuals is
0.196. Thesecond model explicitly acknowledgesthe presence of stochastic
trends, and the change in the transformed fertility level is estimated as an
AR(3) process,

Axt = 0.375 [AXt -1 —0155Axt -2 +
0.33[AXt -3+ &

wherethe standard deviation of theannual random shock is0.001, the p-value
for the unit-root test is 0.96, and the p-value for white noise of the residuals
is0.121.
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